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Retail shelf availability research has been limited by the inability to measure stockouts.
Not being able to fully capture stockout occurrences has led to studying either the effects
of stockouts or their antecedents. It has also led to waingus fundamentally different
stockout attributes as measures across studies. The relationship between stockout
attributes is not clear, making it difficult to have a consensus on either the drivers or the

impact of stockouts.



This thesis considers both antecedents and effects of stockouts by incorporating actual
stockout events under two different risk pooling methods. The first set of models simulate
stockoutbased customer switching (the inventory effect) to study poolirsybstitution

for a retailer setting service level goals for two products. The second set of models study
pooling by postponement, termed Ainstore |
from a new shelf sensor technology that captures actual staakentls. An extension to

the second part of this study examines the nonlinear relationship between stockout

attributes.

Both parts of the dissertation contributedhe stockout literature in different ways. The
simulation work contributes towards recdimg opposing views on the performance

effect of risk pooling through substitution, also showing how different performance
measures may accentuate or mask the impact of stockouts. The shelf technology work
contributes to logistics postponement by studyiog a twetier inventory within the

store may affect stockouts along more than one stockout attribute, and whether less
frequent but longer stockouts are linked to better performance than shorter but more

frequent stockouts.
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Chapter 1 Introduction

1.1The retail erds unigue position in

Retailers uniquely add value to the plypchain (SC)with customer serviceasksnot
present with otheBC members. Retailers provide an assortment of conspawkaged
goods (CPG), break bulk, hold inventory, and provide services for custoiievy &
Weitz, 2004, p. 7) The assortment a retailer provides brings together items, usually from
different manufacturers, leading t@depth of assortmeatvithin a category of products.
Different product categories are tfiea s s 0 breadil®orfi p r o\Gnegotof the
retai | e r2smcecustbneers may s on impuEeo & Nicholson, 2013pr
may buy just one unit af productthe store functions as the point of breaking bulk and
attracts customers through assortment dapthbreadth. Offering an array of products
available in single or a small number of multiple units makes the retailprithary SC
member whose inventory r edulomeFinallyestorend use

services vary from those other & membersBuyers perform a type of sedervice,

1 A productis a tangible good that is for sale.cAnsumeis an end user who can buy a product in various
forms or sizes. For example, a consumer may buy mint toothpaste as a large or small tubp, bt

pump, or in multiple tube packages. For multiple tpheks, a singleonsumer unitvith two large tubes of

mint toothpaste is the same product volume as two single large tube consumer units of the same product.
While they are the same product (mint toothpaste) the size or packaging differences result in offering the
consumer differentems Items are tracd by retailers as SKUs stockkeeping unitso that all sellable

items, whether they are the same product or not, are distinguishable from one another for inventory
management purposes. Such packaged products are commercial itemsknonsumer packaged goods
(CPG) CPG are repeatedly purchased at a lower price and consumed in a shorter period of time than
durable goods such as cars or home furniture and appliances.

2AiProduct varietyo at hi gh efertolthe numtbesof umifueteme suppl y c

produced, stored or tracked by that firm; the equiyv
product category is called fiassortment depth. o A r
prodwt categories it offers and is also called fAassol

store tracks would be the sum of all depths across its breadth.



where they take on the tasks of walking around the inve(tiogystore)and pulling items
from the shelves themselvasis selfservice providesustomershe opportunity to
browse, touch and feel prodacEurthermore, thstoreenvironment allows for
personalized feedback and information while browsing, cash payments for purchases,
immediate gratification from gettintpe products soon as it is purchased, and even
entertainment and social experiesiteyond the purchase transact{evy & Weitz,

2004, pp. 8182).

Retailers also face unique risks related to ttasiksthat are largely overlooked in
terms of strategic importance to t8€ (Hochrein, Glock, Bogaschewsky, & Heider,
2015, p. 268) Since a retailer breaks bulk, it has a greater number of customers who
have lower order qumities than the customers lifghersupply chain members. Frequent
smaller orders at the manufacturer level means stockout frequency will increase because
of transportation variabilityBowersox & Closs, 1996)Foraretailer, transportation
variability at the manufacturer levid akinto instore logistics activitiegeceiving orders
from distribution center@DCs)(Cardos & Garcigsabater, 2006)nstore product
handling(Curseu, Woensel, Fransoo, Donselaar, & Broekmeulen, 28083helf
replenishmentrom the backroonfEroglu, Williams, & Waller, 2013)Especially since
product handling costs within the store are generally higherinkantory costgvan
Donselaar, van Woensel, Broekmeulen, & Fransoo, 2@0&entresearciocuseson
how to improveoperational efficiencyvithin the store, instead afiterpreting these tasks
as strategically important féine supply chaifSamli et al 20(%) beyond concepts of
supply chain flexibility(Jafari, Nyberg, & Hilletofth, 2016While supply chain

management s (SCM) traditional wawew of r

et



recognizes large retailers in a position of greater power, the focus on such research
remains on how upstream member activities respond to retailer pré&ssates,
Morschett, & SchramnrkKlein, 2007) SCM research lags behind practiter efforts to
establishinstoreactivities as havingtrategic importance in the SRandall, Gibson,

Defee, & Williams, 2011)

Retailing Strategy Administrative Tasks

Determine retail strategytarget market, Promote firm, items, serviceslan

format, how to achieve sustainable communication programs and budget,

competitive advantage select media outlets, plan special
promotons and specific displays,
manage public relations

Determine financial strategyvaluate Manage human resourcedevelop
investment opportunities, allocate personnel policies, hire and train
resources, assign accountability, set managers, plan careers, keep employ
profit and turnover performance goals. records

adjust strategy

Determine location, organization, and Distribute merchandisdind

flow systems for information and good warehouses, receive items, store, and
economies of scale versus ship them to stores, return to vendors
cannibalization, accessibility, trade

areas, estimating regional demand

Determine customer relationship Establish financial controlprovide
approachesloyalty programs, market financial performance reports, forecas
basket analysis, lifetime value, custorr sales, raise capital from investors, bill
retention, personalization, community customers, provide credifjonitorcash
development flow

Tablel-1 Strategic retail decision making areas (Levy & Weitz, 2004)



Similar to othelSC members, retailing theotyas traditionally categorizddsks into
strategic and tactical areas. Strategic decisions are typically considered to be those that
commit significant resources to develop a kegn competitive advantage, while
tactical decisins are said to impaoperationakfficiency for a shorter term. Strategic
decisions are comprised of two components: retailing strategy and adativestasks as
listed in Table 11. Attaining sustainable competitive advantage with these strategic
deckions requires any combination of the following: customer loyalty, location, human
resource management, distribution and information systems, unique merchandise, vendor
relations, and customer servigeevy & Weitz, 2004) Cudomer service in terms of
basket analysis involves deciding on which categories to incluaesortment breadth
(product variety. Assortment breadttiecisionsaresimilar to whether or not the store
implements information tracking technology or where it locates stotbattheyall
involve longer planning horizas Similarly, merchandise distribution in administrative
strategic decisions are involved with protifiow outside of the store, with planning

horizons that are lontgrm.

Strategic Retailing Strategy &
Decisions Administrative Tasks
Merchandise Store
Tactical Management Management
Decisions

Vendors Employees

‘ Customers ‘ Customers

Figurel-1 Strategic retail decisions determine store tactical goals
Traditionally, strategic decisions determine tactical tasks which fall under two

areas: merchandise management and store management, as id-Higlevy & Weitz,

2004) Merchandise management can be viewed as stores focusing on customers through

4



vendorrelated tasks, while store managenfeontises on serving customers with store
employeerelated tasks. In terms of merchandise management, stores desmeang

options while considering how customers are influeicgd t he st or eds assol
Known as demand reshagEynan & Fouque, 2003he supply tasks that have an effect

on customer demand in relation to vendouéssinclude: choosing a profitable
assortmen(Chernev, 2011 )forecastingsales (Ali & Pinar, 2016)to determine order size

and timing informationimplementing specific buying systerfWilliams & Waller,

2011) setting and adjusting pric€Srewal, et al., 2010}and offering promotions

(Laroche, Pons, Zgolli, Cervellon, & Kim, 2008)n the other hand, stoneanagement

At he primary interface bet weelBowgrdora@& ni ng, ¢
Closs, 1996, p. 201)Tactical decisions of store management include managing
employeegPlouffe, Bolander, Cote, & Hochstein, 201@pntrolling store costs

(Betancourt & Gautschi, 1988naintaining store facilities, preventing shrinkdlykshra

& Prasad, 2006 )yresenting merchandise terms of how they are displayed or where in

the store they are locatéidam, 2001) and providing service such sesponding to

customer complaints and answering product quest®mgder, Witell, Gustafsson,

Fombelle, & Kristensson, 2016)

More recentlyHubner, Kuhn, and Sternbe(®013) have proposed retalil
operations frameworkTable1-2) which moves away from the traditional strategic versus
tactical decision arsachoosing to categorizgy planning horizongndexplicit mapping
of information flows While the physical flow of products is said to go fromgqui@ment
(P) to warehousing (W), to distribution (D) and then to sales (S), the information flow is

said to gdback and forttbetween each of these subcategories as well as up the planning

5



horizon, from shortto midterm and midto longterm planning(Hubner, Kuhn, &

Sternbeck, 2013, p. 51 Bxamples of longerm planning decision§ablel1-2) are he

number and location of DCs and stores as weltdsh vendors the retailer works with

or decisions which have tip with the retail network structurBecisions athis level of

planning horizonfaf ect a retail erds t addagterm ndef i ni t e
decisions once again alter the network structdid:t er m pl anning gui des
activities for 6to 24 monthgHubner, Kuhn, & Sternbeck, 201 3yith decisions on how

the physical flow will take place withianestablished network structure, which products

to carry for which target market, and the overall estimated labor needs for each store.
Shortterm planning involves decisions about what to do that very business (stqre) day

such as personnel shifts and padimnal activities Planning horizons directly involving

tasks within theetail sbre are all of the sales (S) subcategoryablel-2: outlet

planningin the longterm horizon, master category planning arstore planningn the

mid-term horizon and nstore fulfillmentin the shordterm horizon

The first noticeable difference between traditional and reetai operations
framework stems from separating activities into 3 categories (by horizon) inét2ad
(strategic versus tacticallong-term planning horizon activities in Table 2 still fit into

thestrategic activities listed in Tablel: determining location and organization of stores



Procurement logisticd) Sourcing; supplier selection and contracting; inbound logistics

£ . . .
S Warehouse desigiw) Number, locations, function and types of warehouses
? Distribution planningD) Physical distribution structure
o
- Outlet planning’S) Store type antbcation; strategic layout planning
Product seamentation and Planning of product delivery modes ; assignment predacehouseutlet;
9 selection of dispatch; building segments with order patterns; selection of
allocation(PWD) )
transportation me® (modes)
§ £ Inbound planningP) Supplier order management; Master inbound route planning
Noo=
£ g Production planningw) Capacity and personnel; warehouse management
_E’ = Distribution planningD) Outlet order management; master outbound route planning
c
c_% Master category plannin@) Category sales planning; assortment architecture; promotion planning
o . . - :
Instore planningS) Store personnel planning; store logistics planning
Order fulfillment (P) Suppller_ or.d_er dispatching; operativdound route planning and transportatic
scheduling; inbound ramp management
% Production schedulinf/) Personnel schedules; sequencing and job release
= , Outlet order dispatching; operative outbound route and transportation
o Transport planningD) L
& scheduling; outbound ramp management

Shortterm sales planning; store personnel scheduling;-$ort instore
logistics management

Table1-2 Compilation of the operational framework proposed by Hubner, Kuhn and Sternbeck (2013)

Instore fulfillment(S)



and the physical distribution structure, involving warehouse number and location

decisions. Similarly, shoterm planning horizon activities in Table2 still fit into the

tactical activities described as a part of merchandise and store management illustrated in
Figurel-1: managing employees, adjusting prices, maintaining store facilities. However,

in the midterm planning horizon the activities do not all belong to the traditional

strategic or tactical categories. For example, in Tétldlee, A pr oduct segment a
all ocationo fits i nltlofdstibatingsntencharidisegwhite t as k i
A ma stagregor y pl alfits intatide tactioal tdsk df mexchandise

management as illustrated in Figdr&. Similarly, store personnel planning is

traditionally seen as a tactical activity of store management whereas it is a component of

Ai nstor e pl a-temihorigoa. Thisnllustrates homithalstrategic value of

mid-term planning decisions whichke place in purchasing (P), warehousing (W), and
distribution (D) is traditionally accepted, whereas instore planning and master category
planning activitiesat the store level (3)ave been considered tactical activities having to

do with operational eiiency instead of competitive advantage.

A second difference when comparing the traditional versus recent framework in
retail operations isxplicitly accounting for information flow. Information flows from
short to longterm planning in the proposed fin@work while the traditional view simply
posits that strategic decisions affect tactical tafks.new frameworkmpliesthat
instore fulfillment informatior(item salesmust be used for master category and instore
planning, which are then both neededdatlet planning. Similarly, information flow
must occur within planning horizons betwee

retail personnel doinghstore fulfillment planning shouleixchange information with



personnelvho plan tansportation fsm the retail DC to the store, with personnel
scheduling DC operations, and with personnel who order from vendors and plan receipt
of goods to DCIn the traditional viewthere is no explicit accounting forformation

flow or sharing information betwedsusiness units and across firfigis lack of a

Af ormal feedback | oopodo | eadsganisdlignmgnoor fide ma

betweerdifferent planning horizonfreyer et al. 2017)n this way the traditional view

is one of a supply chain, whereasteeme r f r amewor k i s of a fAden

chaino (Dreyer et al. 2017).

Demand and supply integrati¢RSI) relies on integrated information and the
understanding that bringing together demand and supply processes is strategically

important in terms of cusimer valugEsper, Ellinger, Stank, Flint, & Moon, 201@SI

defines demand management as a firmés proc

supply management pr oc es s(Eesper, Elingeg tank,n g t
Flint, & Moon, 2010, p. 7)DSI has been studied for four decades and is also referred to
as demanathain management and demasupply chain managemef@onomi Santos &
D'Antone,2014) I n t heir systematic | iterafindur e
that integrated activities hage farbeen empirically shown to improve performance
outcomes for firms, between departments and within departrfigortemi Santos &
D'Antone, 2014, p. 1020%ivenits link to performance improvement, it makes sense
thatpractitioners are in a search for the ggtroacheso accomplish DSI for different
types of productéBoone & Ganeshan, 26) and scholars continue to push for more

collaborative decisioimaking processd$awcett, Waller, & Fawcett, 2010)

he

r

e\



Customer
Service

Retailer

Operating Inventory
Efficiency Investment

Figurel-2 A retail er s o p p diaomrTgabucabon & [Eatahami,e s. Adaj
+9%5) Even in a fully integratéretail supply chain, where all processes are planned in

an integrated system, aligning a storebs ¢
oppose each otheasillustratedin Figurel1-2 (Tabucanor& Farahani, 1985).
Operational efficiency refers to how well
stock, time and money are utilized in terms of output and include measures such as unit

or dollar sales per personnel, per square foot, per selling time or peimmsted. The

firmds objective is to maximize operationa
gauge firm profitabilityKumar, Anand, & Song, 2017Customer service refers to the

guality or degree to which custonmaEmand is met and is generally measured in terms of

firm or product revenue or market share, units sold or proportion of demand fulfilled (fill

rate), which is the most common measure in the retail ind(Btynter, Syntetos, &

Babai,2017) The firmds objective or goal I's to
measures. Finallynventory investmens the actual number of unitseldor dollars

invested irkeepingitems(SKUSs) present at a store. There are various measures of

invertory level or value(Stangl & Thonemann, 201the amount of safety stocthe

10



shelf capacity, the target service lewefill rate, the reorder poingndinventory cycle
order sizeThefimé s obj ect i ve iog intestmentsortisoneaféhe i nv en

opposing objectives in Figute?2.

Inventory management and deploymgoalsoppose each other becatasks
which worktowards ongoaloften work against anothgoal High customer service
goals pustastore to higher inventory investment and lower operating efficiency by
stocking more items in terms of variety and quar{fityn & Raman, 201Qhiring more
personne(Hise, Kelly, Gable, & McDonald,483)for peak hours, or expanding space
allotted for itemsn the storg Arndt & Olsen, 1975)High efficiency (productivityor
profitability) goals push the store to larger less frequent orderfeamsi personnel
likewise requiring higher inventory investment and possibly less flexibility in responding
to shifts in customer demariBalakrishnan, Pangburn, & Stavrulaki, 2008milarly,
inventory minimizatiorgoals push the store towards dgezanefficiency because of
frequent or rushed shipmentscreasedaborfor more frequenshelf replenishmenss
well aslower customer service performan@zoglu & Hofer, 2011)As these exampbk
illustrate, each onef the threeinventory management and deploymegaoéls can be
considered antecederftirivers or retailer inpujsor effects(performance outcomgsf
retailer decisions aof phenomena. Regardless of how theyamesideredor aspecific

research questigeach goainvolves tasks that work against the other two goals

Business logistics theory presents methods to better balance these opposing
objectives or goalthroughfive areas ofisk pooling transportation, procurement,

production,nventorystorageand sales and distributig@eser, 2010)The overarching

11



idea behind all of them is that when a firm considers different streams of the same type of
risk as one combined source of uncertainty, then the lbvarability is lower than the
variability observed within each stream. The source of variability may stem from
uncertainty in demand, supply (lead time), or bdtiansportation poolingefers to
transshipments and creBling, while procurement referto order splitting and

centralized ordering. Pooling in the prodantarea includes form postponement,

component commonality and capacity considerations, while investorggds

concerned with centralizing warehousing tasks.

Store

Store Shelf
Postponement >inventory Substitution

inventor
not on shelf v

Figurel-3 Sales and distribution pooling mechanisms considered in this dissertation
The last area of risk pooling, sales and distributiecludetwo mechanisms

which providethetheoretical lensf this dissertation: product substitution and
postponemen(Figurel-3). Product substitution occurs when a customer initially prefers
one item but ultimately buys another. Time postponemetirs in tandem with
speculation, wherigems are held close bpurposefully delayed from moving forward to
customergOeser, 2010)n the retail context, this refers to purposefully holding more
inventory within the store than the shelf capacity will hold, to be able to quickly rdplenis
the shelf withthe additional inventorglready within the stor& his dissertatiomlefines

this strategy ofmerchandise management amIf replenishment asstore logistics

postponementhelf replenishment is also at the heart of product substituatiovo

12



ways First,ac ust omer 6s initially preferred produc
because it has not been replenished before customer arrival to th&esbeifdly, fi the
customerdecdes to substitute a product for tindially preferredone, then thalternate

productmust be availablémust have been replenishext) the shelf tdoe a substitute

While pooling through postponemeteals with store actiorisading toproduct

availability, pooling through substitution takes place witsbmer actions aftefiacing

product unavailabilitfFigure1-3).

Product availabilityfor a retailer differs from inventory concerns of other SC
members because of the st cCustohershavebegnue r ol e
allowedto walk around and select items from store shelves themselves without relying on
a store clerk to bring productupon requestsince 191§Regan, 1960)This shift to seH
service made it possible farproducto be stocked out or demanded by customers
without the knowledge of ste personnelf he pr act i ti oneopofévken| ack o
an item stocks out has also made it diffic
demand levels and pattern. Stores have focused on increasshglbavailability while
having a constrained overall shelf capacity and wanting toikeeptory investment
levels low. Research streams these topicare reviewed in the remainder of this chapter
starting with retadbased contexts and followed by pooling methods of substitution and
postponemeniThe chapter ends wittesearch deficifcorrespondingjuestions anthe

dissertation framework.
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inventory assortment instore
management and display logistics

7 RETAIL 7
~7\_ OPERATIONS / —

checkout product
operations promotion

demand
forecasting

| employee
management

Figurel-4 Dissertation areas in bold, graphical representation of Mou, et al. (2

1.2 Retailspecific research

This section introduce®tailbasedesearch stream$hese research streams exist
only within retail operations instead of being a retail contaetting for the studgf a
general business theooy phenomenarThe main purpose of this section ig@sent
terminology used in subsequent sectiohgroduct availability, substitution and
postponemeni more encompassirtygherlevel literature review of retail operations is
provided by(Mou, Robb, & DeHoratius, 2018Fene&ated to summarizeneir overview
of retal operations, Figuré-4 illustrates the threareasf this dissertationUnder
inventory managemen¥iou et al.(2018)include inventorydependent demand studies.
This dissertation looks at substitution pooling continuous review inventory system,
whendemand switches from ontem to another due to stockoat the initially preferred
item.Under assortment and displayFigurel-4 is shelf allocation work. Wder instore

logisticsis research on shelf replenishment as welbaskroom useThis dissertation
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combines shelf allocation, backroom use and shelf replenishment to introduce the concept

of instore logistics pdponement as a type of pooling by postponement and speculation.

1.2.1Retail category management

Retail category management (RCMj approach which started in the 1990s
(ACNielsen, 2006) is a subset of retail operatigiiougha consensus hasnot
reached on which retail decisions RCM encompasses. Generally speaking RCM focuses
on how much space to allot, if any, for each item in a product category. A product
category is a group of products shelved together at a store,ivfich n s umer s per ce
be interrel at e dKuaulud & Toktay,201h, p.t47)Ibcluding anlitend
within a product category is an assortment question, while choosing how many units of
limited shelf spae to dedicate to eadtem in a fixed assortmerg a shelf allocation
guestion. These two questions have generally been handled as separate research streams
(Hubner & Kuhn, 2012)thoughrecent work directs scholars to ddg them together as
the flassortment and di s pl (MgupRolsbu&DeHotatiug, or y o
2018) Planogram allocatictis a third area of assortment and displesearctandalso
assumea fixed assortment but simultaneouslyigashelf allocation for each item by
considering how much each itembés sale wild.@l
(elasticity) and how much each itembds sale

another item (crosslasticity)(Frontoni, Marinelli, & Rosetti, 2017While shelf space

3 Planograms are diagrams with drawings or pictures of every item in a product categshoatibe
arranged on store shelves. How the items fAshoul ddo b
marketing plan for that product category.
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literature streams have substitution criteria partially integrated in their work, assortment

planning partially integrates shelf spammstraint{Hubner & Kuhn, 2012, p. 202)

A recent studyfKarampatsa, Grigoroudis, & Matsatsinis, 200i)RCM
categorizes retail decisions by customer switching behmstead oftem
characteristicsCustomers can switch from an initially preferred produera@vailable
substitutebecause: the store does not carry the preferred item (assebaset
switching), the price of the preferred item is higher than another productiaseel
switching), the amount of space dedicated to the preferred item differs from that of
another item (spaeleased switching), or the preferred item is currently not availan
the store shelf (stockotiased switching). Karampatsa et al. (2017) classify prior RCM
work by which factors the retailer must consider for each customer behawviorFigure
1-5. For example, for inventory managemesgearch ostockoutbased witching,
scholarsso far have consideredtailer decisions oarder size and timing of placing and
receiving orders, the upper limit to total shelf space, and the store budget in terms of
ordering or holding power. For shalpace planning, in additioo all of these factors
they have also considered the ability of store personnel to restock store shelves. Besides
inventory managenmt and shelspace planmig, the Karampaa et al. (2017RCM

framework also includes assortment planning and price planning
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Both analytic and empirical work reviewed by Karampatsa et al. (2017) is
included in Figurel-5, to illustrate the lack of agreement between RCM scholars on what
constitutes RCM research. The demand models used in analytic work all are based on
either assament or shelspace planning. Models based on assortrhased switching
use multinomial logit, exogenous demand and demand learning models whispstosf
planning work uses own and cross space elasticity since demand is a function of shelf
space. Thshelf to sales ratio has been studied empirically too, using experiments that
test how consumer attention to the product category increases with increased space, or
how the vertical positioning of the item is linked to different sales performance.
Accordng to Karampatsa et al. (201 pirical work in assortmens usually based on
field studies and finglthat increasing the assortment does not nedbsgaprove sales,
and the consumer perception of the assortment may be skewed by allotted space and
planogrambased arrangement on store shelves. Finabduct availability research
overlaps with RCMvhen the study focusesm stockouthased switchingpehavior to
Averi fy that substitution behavior is inhe
ref ected i n cat egor Kargmpasa, Giigorgudis § Matsatsinisat i on o

2017, p. 41)

While there is a lack of agreement on the sap categorizatioof RCM
researchit encompasses a broader level of analygs most retail operations research
AU] nlike the traditional brantdy-brand or SKUby-S KU f ocus é[ RCM] éempha
the management of a product category as a whole, allowing the decision maker to take
into accounthe customer response to decisions made about substitutable or interrelated

p r od (Kertulsiso& Toktay, 2011)In contrast, shelf management focuses on brand
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salesor item salesand while it may consider the effects of sub&n (Borin, Farris, &
Freeland, 1994)ts scope of research is on space allocation, shelving decisions, and sales
of a single focal brandr item Similarly, instore logistics research studies the shelving

and replenishmerttf multiple items but does not consider the interrelatedness between
the items in terms of customer purchasing behavior. Therefore, while RCM is at the
product category level of analysis, shelf management is aramel orSKU level and

instore logistis is at the labor unit of analysmuch as total stacking tinfean Zelst et al.

2009) (Curseu et al. 2009).

Retailers managghe overall product ategoryin an eightstep process: category
definition, role, assessment, scorecard, strategies, taotiementation and review
(ACNielsen, 2006, p. 64)Category definition is determining which items to carry in the
product categoryor deciding on the assortment depth. The categorydektination,
routine, seasonal @onvenience categorig the purposef the category compared to all
the other categories in the store, so it
assortment bread(A\CNielsen, 2006, p. 78 An assessment is therade of each item,
by SKU, by brand, segments and subcategofié& assessment is made from four
perspectivesthe market (market share and benchmarks), the consumer (purchase
behavior and profile), the supplier (share and efficiency), and the distr{ootaribution
and productivityYACNielsen, 2006, p. 98Yhe scorecard is the measurable sales or
availability rates for the entire categorifter the goals have been determined, category
strategies is the step of a®ing what sort of supply, marketing efforts, andtore

service is needed for the category overall. Category tantcthe actual things that need
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to be done for that cat e Jheplgnbestacticcshre, scor e

implemented and geview of the category measures and monitors category progress.

Theeightst ep process refl ecthatalersfypcalremtdli gm s
strategies. Strategies are normally considered to be the traditional strategy of pushing
goodsto custoners, orfocusing on one of the followingstead to pull customers
product varietyTon & Raman, 200), high tech solutionfDubelaar et al. 2001)
customer loyaltyfTerblanche, 2017)and customer servi¢g@CNielsen, 2006)The shift
instead alters the focus from these retail strategitgetollowing sixapproaches
(ACNielsen, 2006, pp. 31314}

Assortment/shelf plang Category marketing plans

Average customefy, Segmented customers

Average market/stord Competitive clusters/formats

Independencategory plang, Integrated marketing plans

Fair share gaps by retailgeographyy Shareof-wallet by competitive clusters
Single category capta#y Lead and validate category captains

= =4 48 -4 -8 -9

The fair share gap refers to Athe differen
(p. 80) It considersvhat proportion of the customersa trading area the retailesudd

be capturingThe shift to shreof-wallet reflects a consumeentric view.It considers

what proportion of a customerdngmagder chases
through the retailefTo shift to any of the abovategrated and consumeentric
approachesequiresincreased dta collection and sharifgetween business uniiisroglu,

Williams, & Waller, 2013)and SC member$awcett & Magnan, 2002)
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1.2.2 Fast moving consumer goods

Separating goods by how quicklyety sell over a given period of time cgutl the
attention ofstore managers aratcounting schola@most a century ag@ogson, 1923)
Accountantgecommended auditing, which is checking inventory records against actual
phystcal inventorymore often for fast moving goodsce their quicker movement could
mean a greater inaccuracy in records than-stamwing itemsover the same time period
Keeping inventory records accurate through
unne essary expenseo from obsolete stock wri
and product misplacement, interest charges for capital tied up in inventory, excess
inventory costs, handling and-randling of excess inventory, and cost of space used u
by excess inventorfPogson, 1923, p. 43Pverage underage and holdingpsts were
perhaps not explicitipccounted for by store managers a century bigothere was a
debateabout wherén the stordo placefastmoving itemssince these goods were
purchased either frequently or by many customerd f p | antoevdi nign shApfaacseto
(David, 1922)in the store, customers could quickly be served and leave, whereas other
spaces in the ate could pull customers into the store, to spend more time and perhaps

buy other items along with the initially preferred fasbving item

Today, ekspiteat leas25,000peerreviewedarticlesinvolving thefast moving
consumer goodd-MCG) industry, there is no standardized classification method of
items into either fasior slowmoving consumer good$=MCG is a subset of CPG and is
distinguished by higher turnovénventory urnoveris a sales and distribution

performance measure arefers to the a@st of goods sold of an item over its average
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inventory during that time perigéaur, Fisher, & Raman, 200%)stead of a ratio, fast
moving goods can also be identified by the numbe&oasumer unitsold within a unit

of time. Stores renew their FMCG inventory more often than other proéurctao main

reasons. The first ihat the FMCG items are more popular in terms of customer demand

and theft. Secondlysome FMCGtems are perishable atiteir unsoldconsumer units
must be removed frote shelfinstead of remainingke items with longer shelf life
While perishable gads are beyond the scope of this dissematihere is a literature
review of perishable goods research and a call for research (Mou et 8).ir26 how
theshort shelf lifeof an item influences instore operation®verall, it is not cleahow
CPGshouldbeclassified as either slover fastmoving, or if there is also a third group in
between thenfnormatmoving)or at zero movemerghonmoving). It is not clear
whether an entire product category is slawfastmoving or ifitem-level categorizatin

is possibleClassificationsare largely retailerand studybasedWintle & Patch, 2003)
For example, one study identifiesaslowo vi ng i tem as At hose
mo v e me n t §lohastory, Baglanp& Shale, 2003, p. 834here a movement is
neither turnover nor units sold, but transaction frequency, essentially the number of

customer visits which result in a sa#dBC analysis can also be used to classify items by

SKUs

their saleyolume, and while this process is a standardized one, it is extremely specific to

the storgdGelders & van Looy, 1978Any implications of such research for upper level

SC members may not be generalizable.

Althoughthereare nostandardlefinitions for slow and fastmoving itemsthere
are theoretical and practical reasons for making the distin&iogtailer buys inventory

in bulk andhas store personnel arrangen a limitedcapacityof customeraccessible
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stare shelvesFor slow-moving itemshe cost advantage of buying in bulk mayldos if

the items stay on the shétir too long(Whitin & Youngs, 1955)How much spacset

aside on the store shelf and how often to have inswsopnel replenish the shelf may
matter more for fast moving items as the empty shelf will likely get more visits than an
empty shelf for a slownoving itemover the saméengthof time (Gruen & Corsten,

2008) Practically peakingslow items mayave insufficiensales or stockda

occurrence for researchers to studgtailers may also prefer to focus on FMCG because
of theidgeieeacén@vatedPatch,i2003¢ompared to slowatems.

Even foritems withlow profit margins FMCG have a higher volume of sales than t

slow-moving items.

While there is enpirical researcltudyingdifferences irdistributiondecisions
andperformance outcomdsetween fastand slowmoving goodsmost of the time
FMCG is simply the domain or context of other resed®ethes increasat a higher rate
for FMCGthan slowmoving itemsgiven the same increase in stegbcgCurhan,
1973) or promotional effor{Cooper, Baron, Levy, Swisher, & Gogos, 1998hile
stockouts increase at a higher rate for FMCG than-stawing itens, given the same
increase in inventory review perioffSezen, 2006)in general, however, fasind slow
moving goods are separate streams of research where they simply serve as context. For
example, Grubor and Milicevic find that items with higher turnover (measured in average
monthly sales) have mostockouts than items with lower turno@015) However,
this analysis is done within the FMCG context, so it does not encompassishang
items at all. Rather, within quickly moving items, those that sell moreemage are

linked to more stockouts. A question that arises from this example is whether FMCG is
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being used interchangeably with CPQverall, ataxonomy ordistribution and sales
management dFMCG would help to more clearly outline thee @f this retail research.

TheFMCG role in instore operationis still unclear

1.2.3 Packaging logistics

~

Secondar

mggr?iﬂ:? ?gll)(/) ;V(;rl: d Manually handledy store Manually handleadne
unloadco);ltainers or personnehsindividual consumer unit at a time
trucksor to move from boxesor with handcarts anc onto and off of store
one spot to another withit dollies (trolleys) for shelves by customers an(
3 buFI)k storage facility multiple boxes store personnel.

Figurel-6 Product packaging types
There are 3 levels ofrpduct packaging, as in Figutes. In this example, the

primary packaging, made available on store shelgessixpack of cans. Cans may be
sold individually, or the same product (the same brand and type of drink) may be offered
as different items or SKUs because of single8§ or 12pack primary packaging

options not to mention bottled packaging oeteame product instead of caBepending
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on the primary packaging, thereforegasumer unitould be a single can or multiple

cans sold together as a single sellable unit. Segersumer unitef at least one SKU

(item) are placed into secondary packaging often referred to as a case pack. These case
packs can then be loaded onto pallets, or tertiary packaging, to be handled more easily
during loading and unloading activities in transport between firms. Each packaging type
is Asuccessively broken down i (Bartlwoldigmal | er
Hackman, 2016, p. 12p that retail shelves consist generally of primary packaging.
However-reddhepackagi drgalyof SoreBhelvas svenuhwwgh it

is secondary packaging. SRPujak, Ferencic, & Franjkovic, 20149 designed so that a

portion of the secondary packaging or case pack is easily removed, leaving a tray of
primary packged consumer units with which to quickly replenish store shelves. Beyond
the scope of this dissertation, this fAhybr
see if certain products benefit more than others in terms of increased efficiency in

replenshing the shelves or even linked to increased sales.

Packaging literature identifies three functions of packaging: ethics, marketing and
logistics, with no consensus on which of the latter two is its main fun@iegattieri &
Sartarelli, 2013) The ethical dimensions of packaging include how easy it is to be
recycled, reused, uséiendly, and socially responsiblproduced efficiently, honest and
complete in providing information, and reducing risk of human inj{\fgrnuccio,
Cozzolino, & Michelini, 2010)In terms of marketing, packaging serves a differentiation
function, promoting product or brand awareness and informing the customer about
product specifications. This marketing purposegehet vy r ef er s t o the pr

packaging, and a recent review highlights the effects of packaging on consumer attitudes
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towards a produdio, Tung, & Huang, 2017)dentifying the product is also a useful
aspect in logiscs functions. Packaging allows for tagging the product so that it can be
tracked while in transit or in storage. Tagging technology, like radio frequency
identification (RFID) is cosprohibitive at the primary packaging level and is generally
implementd at the secondary packaging (case pack) [@ahdea, Thiesse, & Fleisch,
2012)for retailers, or with tertiary packaging higher in the supply chain where items still

move in bulk.

Besides allowing for identification andatrking of products, packaging also
serves protection and handling functions in logistics. Packaging functions as protection at
every step of the supply chaiBowersox & Closs, 1996jom tertiary packaging when
products leavéhe manufacturer, to primary packaging which protects against theft as
well as mechanical damagdellstrom & Saghir, 20063t the store shelf. Handling
functions consist of four areas: volume efficiency, weight efficiecogsumption
adaptation, and handleabilifiRegattieri & Santarelli, 2013, p. 193)andleability refers
to how ergonomic the packaging design is in terms of ease of holding the packaging or
opening it. Consumption agtation considers how much packaging is stored and used,
and how the same packaging can be adjusted (flexibility of use) for different levels of
consumer needs. Weight efficiency is of special importance for any packaging that is
manually handled; packagjrmust be as light as possible to minimally increase product
weight. Volume efficiency involves the degree to which a package is filled with a
product . Standard packaging that iisnét cus
contain unfilled space (votoe inefficiency). This inefficiency is a logistics concern for

every level of packaging and also with respect to marketing functiofdlgyer, 2011)
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Store personnel deal with different levels of packaging depending orstibrer

type. Three store types have been identified by scharsZelst, et al, 2009, p. 624)

1- dense retail outlets: receive tertiary packaging (crai@tets, etg.composed

of multiple items, where eadhipping boxhas fewerconsumer unitef anitem

than its normal case pack size

2- stores which receive secondary packadtotes, case packship packs, etc.)

and staclconsumer unitento store shelves

3- discounters: receive and stack secondary packaging
van Zelst et al. (2009) claithat the second store type is the only one which has a
Anonlinear shelf stacking costo because ha
rate in the number of CUs. 0 In other words
specifically for a setfsshelves at the store where the CUs will fit, while store type (3)
gets case packs and puts them directly on store shelves. It is only store type (2), claim the
scholars, where personnel regularly handle items at both buldoaisdmer unit

guantities. Tfs difference in handling activities is a function of how the goods are

packaged, arrive to the store, and are put on store shelves.

The different levels of packaging and their handling affects logistics processes
although this interaction is often igndren the literaturéHellstrom & Saghir, 2006)
(Waller, Williams, Heintz Tangari, & Burton, 201@urthermore, isce packaging
functions involve different business units and packaging lenedgact with various SC
member operations (see Appendixa roadmap for integrated packaging design has been
suggestedAzzi, Battini, Persona, & Sghossa, 2012)ndeed, there are
recommendations for supply chain members to collaborate even at the research and
devel opment st age amwlpropbshiethgiatkagmgdesigh shéukel cy c | e

drive product developmeK®landerRose & Nilsson, 2009As a relatively new
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discipline packaging logistics still needs to develop a framework for comparing

packaging levels, performance effects of any designs and of design claagieis &

Jonson, 200). Becausgackaging affects haradbility and shelf adaptation, the same

call for integrated packaging processes is made in shelf management and instore logistics

literature.

1.2.4 Shelf management and instore logistics

Instore logistics is often grougevith general logistics researbkcause the
retailerds uni que posilnsiorelogistiicadiffereafom&&E€ i s no
store logistics by concentrating on different activities. Instore logistics consists of
handling items, arranging, ordering and processing items within the store, whdlut
logistics is the movement of large volunadstems, storing and delivering them to the
store(Samli, Pohlen, & Jacobs, 20053helf management is a part of the instore logistics
process. Although a subset of instore logistics, it is a separate stream of researsh becau
of the selfservice nature of CPG retailers and the importance of the various forces
customers are exposed to at the store shel

mo d éy Borin et al (1994, p. 364)n Figurel-7.
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Figurel-7 The shelf management model (Borin, Farris, & Freeland, 1994)
Thededicated spadeetail shelfspace for an item}¥ where several forces can

come together, as in Figuter, to afect the sales dhefocal SKU(Borin, Farris, &
Freeland, 1994Bor i n et s&lowds thhadelt he SKUO6s sal es
focal item always increase with the preference effect. The preference effect iarwhen
unmodified demand, that is, a customer who initially prefers this GKbhary
customers)arrives at the shelf space for that item and purchases it. SKU sales can also
increase when customers who originally prefer a different item that the stoneadoes

offer in its assortment (assortment effect) switch to this focal item as a substitute
(secondary customer®rimary wistomers not willing to substitute may switch to another
store so that there is no loss in sales of the focal item. Since storesaléslecrease in

this scenario, assortment planning literature studies how merchandise can best be
managed in terms of which SKUs to offer. Assortment planning decisions, their
antecedents and effects are beyond the scope of this dissertation. SH20a5al.

provide a thorough overview and classification of assortment planning research.

The remaining two effects in Figule7, which may either increase or decrease

t he f oc al acdordiegrtodBsrin stall (E994)oth involve product availability.
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A temporary shelf stockout (the item is in
spurs the customer to switch from the stocked out item to the focal item, increasing its
saleswith the inventory effect. The inventory effect can also decrease sales as this

additional stream of demand is not due to the assortment effect, which can be somewhat
planned for as the initially preferred product is never in stock. This unexpectedraalditio
demand can cause the item to stockout earlier than planned, thereby creating dissatisfied
primary customers. Customers may be dissatisfied enough to switch away from the focal

item because of the instore support effect as well. Instore supportiestoah be

merchandise or store management tasks. Beyond the scope of this dissertation, though
controlled for in models, merchandise management activities include promoting the
product(Taylor & Fawcett, 2001 )educing its pgce (Shin, Park, Lee, & W.C., 2015r

decisions about how to display the product to attract custqig™ & Scarpi, 2016)

The amount of space allotted to an item on the shelf (its shelfitgpas determined by

the number of facings it has on a shelf fAa
gi ven ex ¢Sgeenbecku20158helf space elasticiffgisand, 20143tems fron

this stream of instore support activities and is also beyond the scope of this dissertation.

1.2.4.1 Instore logistics processes

The overarching goal afstore logisticsactivities is to manage the shelf in such a
way that customers arriving at the shelf moé faced with a stockout of their preferred
product. The stockout of the product in Figié results in a negative)(effect on brand
sales. The stockout of a different product results in a positive (+) effect on brand sales of

this product. This posite or negative effect is the inventory effect and occurs onlyavith
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shelf stockout (SHO) Stockout research covers what drives the stockout phenomenon
and what effects it has on customer or firm outcomes. While stockout occurrence is a
separate streanf cesearch, the phenomenon of shelf stockouts may be an undesirable

result of inefficient or ineffective shelf management processes.

Shelf management and instore logistics research focuses on the processes
themselves. Antecedents to these processeghbikeumber of units the personnel needs
to shelve and the number of units to be unpacked from case(facksu, Woensel,
Fransoo, Donselaar, & Broekmeulen, 2088 tested to see how these processes vary by
these factors. Therocesses are studied in terms of level of efficiency using constrained
resources such as tifan Zelst, van Donselaar, van Woensel, Broekmeulen, &
Fransoo, 2009space and lab@Reiner, Teller, & Ktzab, 2013) For the effects of
instore logistics processes, these inputs of time, space, and labor are studied to see what
sort of outcomes the retailer faces in terms of item turnover, service level, lost items
(Reiner, Tder, & Kotzab, 2013)customer loyalty to the sto(Bouzaabia, van Riel, &
Semeijn, 2013and even inventory record inaccuracy and misplaced itRanr®an,

DeHoratius, & Ton, 2001)

Researclnas begun to define instore logistics and shelf managgmergsseas
a series of tasks. In their empirical analysis Curseu ¢2@09)model how items are
shelved onto store shelves by dividing pinecessnto 7tasks

(1) grabbing and opening case pdcks

4 A case pack is a manufactu@wned shipping box. Case packs come in different case pack sR83 (C

which refers to the number of consumer units of the item in the shipping box from the manufacturer. If the
shipment to the store is from a retail distribution center (DC), OPQ or order packing quantity is used in the
literature instead of CPS. Gendyadpeaking, OPQ has fewer consumer units of an item than CPS because
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(2) searching for where the product is located on the shelves,

(3) walking to that location,

(4) preparing the shelf for the new items by removing any existing items,

(5) putting the new inventory on the shelves (first replenishment),

(6) putting the old inventory back on the shelves (second replenishment), and

(7) disposing of packaging waste.
They use hierarchical regression because these activities take place in sequential order.
They find thattasepack size and the order line size (number of ship packs per order)
affect differentasks Casepack size, for example, is directly relateddsk(1) and (6),
and insignificant elsewhere while the order line size affects the timtadk(5) the most.
They also find that there is a minimum amount of time to setup which is a constant.
Because of this, they recommend retailers either hagerlarder line size or have case
pack size increased to sgw®duct handling timewithin product handlingasks
inventory overflow-where a portion of the products in the case paelsdot fit the
designated space capadiBrodu, Williams, & Waller, 2013}is not consideretly
Cursue et al. (2009)n practice thoughtéms that do not fit onto dedicated space are sent

to ashared spacewhich may be the backroom of the store or at the very top of store

shelves where custters @ae unable to reach the products without assistance.

Another way that the instore logistics processes have been defined is into core
elements (5S): stock, systems, standards, space an@Psia$f Byrom, 2003) St ocko

refers to inventory investment, or the actual number of umisling costpr monetary

case packs are generally opened at retail distribution centers to be repacked with other items to various
stores. The general term for the box size used in shipping to a store is SR, marck size, and can refer

to the number of consumer units per box from either the DC or manufacturer. Shipping boxes, whether
from a vendor or retail DC are all secondary packaging.
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value of the goods held in stock, and is an element the store wishes to minimize. Systems,
standards and management of space and staff are all related to operHitieratye

Systems refer to the technology and decisi@aking framework for store operations, and
standards are how well staff are trained and adhere to systems set in place. Last of all,
space and staff both ser veropesationahesficighcynp ut 0O

measures. All of these are in the tactical area of store management activities.

Though these 5S core elements have yet to be empirically stndied framework
their conceptual development appear to have grown out of pri@rcesé&or example,
vanDonsel aar et al. state that the fAspace ir
constraint r at he(R00g ;h Mpecause hamdlingeasts (sthffaazet or , 0
greater tharfstock)holding cost§Curseu, Woensel, Fransoo, Donselaar, &
Broekmeulen, 2009)Holding costs generally come into play when considering the
amount of space to allot to a product and balancing the costs of holding the product with
the customer service level to be achieved. Since space for items affects demand for those
items(Eisand, 2014and space for overflow inventory in terms of backroom space affect
shelf availability(Milicevic & Grubor, 2015) it makes sense to group one of the
logistical activities as space. Simikathe 5S(Pal & Byrom, 2003pverall parallel the
category drivers developed for stockout reseéistbussaoui, Williams, Hofer, Aloysius,
& Waller, 2016) This grouping could be helpful in ensurithgit shelf management
models account for all 5 core elements of operations, and even to see which of them

affect performance more than others.
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However, both highelevel groupings such as this and explicit task breakdown
studies often do not considertiag tasks related to substitution Wwetn products or
storage of items in both dedicated and shared spaib®ed, even retail category
management software used by retailers on average disggdrder & Kuhn, 2012)
limited shelf space, substitutiopor any demand linked to the amount of inventory visible,
known as the inventory billboard effgd/u, Zhai, & Liu, 2015) A closer look at the
shelf management process followed by a thematic looledatitors in play may provide

a fuller picture of instore logistical activities.

1.2.4.2 A closer look at the shelf replenishment process

This section presents 4 graphs of an item in a store over a period of 8 days. The
dedicated space inventory shows how mamyswof the item is on the store shelf space
that is assigned (dedicated) to that item. It is a measure of customer service because
stores are selervice environments and customers will serve themselves to items on the
shelf only if those items are aetly in their dedicated space. The shared space inventory
shows the total units in the store that are not in dedicated space. While the shared space
may be any location within the store, in this work only the backroom is considered and
Ashareduspegpaceéedties changeably with Abackroom
graph shows the total units-tvand (in the store) regardless of where they are located.
Last of all, the operational efficiency graph shows where the shelf replenishment process
is inefficiert. The section ends with a short discussion on the research issues the figures

illustrate and what they imply for multiple items in a store.
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Dedicated space inventory:
Total units on shelf
(Customer service)

shelf capacity
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Figurel-8 Graph of total units of an item on a store shelf
The illustration in Figurd-8is a typical sawtooth model of shelf inventory levels

(units, vertical axis) in a store over a time span of 8 days (horizontal axis). The line
shows the number of units within the dedicated space (shelf capacity) assigred to

item. Store hours vary on weekend nights and Sundays, so the hours open (not shaded)
and closed (shaded) vary in width (length of selling time) depending on daily operating
schedules. There is an increaséhefinventorylevel whenever personnel planits

onto the shelf (points A, B, C, D, F, and G) whereas the general trend of the inventory
level is decreasing. Shelf inventory decreases whenever customers remove units of the
item from the shelf. The inventory leveslflat (heither increases nor cleaseswhenever

the store is closed, is open but has no customer demand, or the shelf has stocked out
(SHO) and is awaiting replenishment. Zégwel inventory intervals are meaed as

intervals 14 in Figurel-8. During these time intervals, there is pocastomer service
because customers who arrive to the dedicated shelf space do not find the item since the

shelf has not been replenished.
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Shelf stockouts (SHO) and replenishments can each occur under two different
conditions, and while they appear asad fero or an increase (spike) in the customer
service graph, one condition for each situation is indisisingiole from another in Figure
1-8. In Figurel-8, replenishment of the dedicated shelf space occurs at points A, B, C, D,
F, and G. However, dekries of the product to the store take place at points A, C, E,
and G. Therefore, although indistinguishable from the other points, the increase in units
on the shelf at points B, D, and F occur from instore replenishment. Instore replenishment
is when sore personnahoveconsumer units of an item from shared space inventory
(backroom) to fill empty dedicated (shelf) space. If there is inventory in the backroom
and none on the shelf, t hemstoctohud 0SHO® RIO9 ,an
whereas if bth spaces are stocked out the SHO is a store stockouj.(BiTidgurel-8,
interval 1 is a STO while interval 2 is an IRO, but there is no distinct difference in the
customer service line. Without the outside knowledge of when deliveries take place or
whether there is any shared space inventory, zero points or increases in inventory levels
in Figurel-8 all appear to bendistinguishablestockout (SHO) and replenishment events.
Additionally, outside knowledge of a delivery (pokYis not reflected in gurel-8

since those delivered units remain in shared space.
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Figure1l-9 Shared space (backroom) inventory level over time
Units of the item located in shared space is illustrated in FigA@ré'he dashed

line shows the number of units of the item that is in the store but not on the dedicated

shelf space. These units may most often be stored in the backroom, but mayaalso be
alternate locations than the dedicated space which is known to customers. Customers may
go to the dedicated shelf space for the item and not find it, not knowing to look at a
different space the item shares with other products, or not having acdestssioared

space. At interval 1, where tihastomer service line (Figufie8) is at zero nits, the

shared space (Figufie9) also has no inventory. However, at interval 2 the customer

service line is also zero but the shared space inventposiive (v units) During this

time, all of the units of this item that are in the store are in the shared space and are not on
the dedicated shelf space. Unless customers have knowledge as well as access to the
shared space, the inventory there is not availablpdachase. The (ii) units during
interval 3 and (v) wunits during interval 4

elsewhere in the store.
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The shared space inventory graph does not look like the dedicated spacarynvent
graph. Similar to Figuré-8, the inventory levels in the shared space peak or suddenly
increase after deliveries to the store (points A, C, and G). However, since no units of the
store delivery at point Eremoved to the dedicated space, there is no increase in Figure
1-8 while FHgure 1-9 captures this delivery. Additionally, the shared space inventory
level does not directly decrease due to a customer purchase since customers do not have
access to inventory in this space. Instead the inventory level drops to a lower level
wheneer personneremove the item from the shared space to replenish the dedicated
space. Personnel can remove everything from the shared space, as at points B and D, or
only a portion of the shared space inventory as at point F. Partial removal may be from
replenishing a partially empty dedicated shelf space or from inefficiently managing
shared space inventory. Similarly, the amount of increase in shared space inventory can
vary. At point C there are fewer units entering shared space than in point A @ither)
because there were no items left on the shelf at delivery time or because the delivery size
was smaller than at point A. While the dedicated (shelf) space is replenished in bulk
guantities and decreases in unit quantities, the shared (backroom)sspath
replenished and emptied in bulk quantities. In this way the shared space inventory line

appears to be more like a piecewise or step function rather than a sawtooth model.
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Figurel-10 Inventoryinvestment Units on hand over store week

The illustration in Figurd-10is a graph of ofhand inventory levels, which is a
combination of the shared and dedicated space inventories, and is typically the inventory
records retailers keep for their ster®eliveries to the store (points A, C, E, G) account
for increases in inventory levels while customer purchases decreasetbimventory
levels. In Figurel-10, whenever the ehand inventory level is above the horizontal
shelf capacity line, the s®has more units of the item than can fit on the dedicated shelf
space. Such fAexcessoOo units, at point C for
minimum, up to the entirety of what is in the store at that time. On the other hand, when
the inventory inestment is at a number of units at or below the dedicated shelf capacity,
it does not necessarily follow that all of the inventory in the store is actually in its
dedicated shelf space. Since inventory investment is defined as the number of units the
storephysically keeps at a store, it is used interchangeably witraad inventory and

ignores any purchases that have yet to be delivered to the store.
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There are 3 different situations where the inventory investment line is flat
(horizontal) over time insteeof generally decreasing or with a sudden store delivery
peak. Obviously, in all 3 situations neither supply nor demand is driving the line up or
down, but the reason for the lack of demand varies in each situation. First of all, the
inventory investmeriine is flat whenever the store is closed since customers do not have
access to store shelves during these periods (shaded blocks) of time and are unable to buy
the item. Secondly, thiaventory investmenriine is flat and at O uis, as at interval 1 in
the store shelf inventory grapRigure1-8), whenever the item is stocked out of the store
(STO), so that even if the store is open customer demand cannot furtheinheaveory
investmentevels (no backorders). Last of all, tineentory investmeriine is flat but
not at zero inventory and not during closed hoursitatvals 2, 3, and 4 in Figuie8,

when there are no customer purchases.

There are two possible reasons for no customer purchases during these intervals:
(1) no customers are comingthe store demanding the item throughout this time, (2)
customers are coming to the store demanding the item but the item is not available on
store shelves. In the latter case (2) it is clear that the SHO situation is an IRO and not a
STO, because the drand inventory level is nonzero as at intervals 2, 3, and-fyure
1-10. Periodic monitoring of store shelves by personnel can confirm an IRO. However,
it is more difficult to continuously monitor store shelves for customer arrival to confirm
the fornmer reason (1) of no demand. While theentory investmeriine is an example of
the information that stores generally keep ohamd inventory, there is no knowledge of

what proportion of that achand inventory is available to customers on store shelves.
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While STO conditions are clearly visible in timventory investmengraph, IRO
conditions are masked by the lack of knowledge of what is in shared and dedicated
spaces. Thaterval marked as 1 in FigufelOis a STO, while the intervals marked as 2,
3,and 4 are IRO. Though they are all SHO situationsintentory investmenine
shows no stockout situation during IRO intervals. At interval 2, there is some (iv units)
inventory overflow from a store delivery at point C. The overflow was placed iato th
backroom and remained there until point D. At interval 3, a store delivenyaitory
investmenunits takes place at point E but the entire delivery remains in the backroom.
Finally, at interval 4, because only part of the shared space inventemyn(iis) at point
F is moved to dedicated space, there remains v units in shared space that is inaccessible

to customers.

Similarly, instore replenishment activities are also masked by the lack of
knowledge of what is in shared and dedicated spacedssiaxample, instore
replenishment occurs at points B, D, and F. Since the shared space inventory from point
A to B is so high, thaventory investmenine does not reflect the fact that the shelf
started out half empty on Monday and was almost SHOdwgnid of that store day. An
instore replenishment occurring at point B shifts the shared space inventory to dedicated
space, but is indistinguishable in tlheentory investmeriine. Indeed, there is no
indication that the iv units in interval 2 Dunitsin interval 3 were moved to the shelf at
points D and F. In this way, the records that stores keep of thar@hinventory
poorly reflects product availability at the shelf, simply because they are a combination of

both dedicated and shared spaceiriories.
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Operational inefficiency:
Poor instore replenishment

shelf capacjty

Sun Mon Tuef_r® Wed Thu @ Fri @ Sat @ Sun

Figurel-11 Operational efficiency graph

Figurel-11 maps the areas of operational efficiency in shelf replenishi8gatt
replenishment is inefficierietween these two lines of totathand (dotted line) and
dedicated space (solid line) inventories and within the shelf capacity the store has
dedicated to this item (below the thin horizontal line). The area between E and F, for
example, has no shelf inventory; it is all in the backro®he shelf need not be empty,
but it is. The inefficiency continues as only part of the inventory in shared space is moved
to dedicated space, so that the operational inefficiency (in replenishing the shelf)
continues until point G. In terms of-Btore bgistics, however, this area may be
necessary for the store to efficiently use store personnel. If personnel during this period
need to focus on checkout operations, then the store is efficiently managing its labor
while inefficiently managing its dedicatespace. In such a situation, shared space is
being used to temporarily hold items while personnel are completing checkout tasks.

A few characteristics about these areas of inefficiency emerge from the figure.

First of all, the start and end time boundsugeincide with store deliveries and instore
replenishments, respectively. At point C a store delivery is made and the shelf is filled to
capacity with some inventory overflow remaining. Starting at that point in time, as soon
as customers have begun takconsumer units off of the shelf, the inefficiency begins

by there being empty space on the shelf while there are units to fill that empty space in
the backroom. This inefficiency continues until point D, where an instore replenishment

is made. Secondlyhe height of the inefficient regions are also within a range of values
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in terms of units. The difference can never be greater than the number of units in the
backroom, but is also constrained by the shelf capacity. This is illustrated most clearly
betwea points A and B. Throughout the day on Sunday there is a region of inefficiency
from empty space on the shelf that could be filled by backroom inventory, but the level of
inefficiency doesndét reach the | evel of
In other words, any inventory in shared space beyond what fills the shelf capacity is not

considered inefficient in terms of instore replenishment.

In this way, Figurel-11, clearly depicts only one type of operational efficiency,
related to instore menishment, and raises questions about inventory investment and
customer service. The earlier discussion of 5S core elerfiait& Byrom, 2003)of
instore logistics processes concluded that operational efficiency candomsdf
systems, standards, management of space, of stock and of staff. The inefficient areas are
poor management of dedicated (shelf) space. If retailers choose to dedicate a certain
capacity of shelf space to an item, they do so with a maadlgaro®n target fill rate
(TSL). That TSL can determine not only the shelf capacity but how often to replenish that
dedicated space. Smaller amounts of space would need more frequent replenishment than
larger dedicated space, to maintain the same TSL. To efficimanage TSL (a
standard), stores may be pushed to increase inventory investment (stock) beyond
dedicated space (shelf space) and have personnel (staff) perform instore replenishment.
In other words, efficiently managing an operational standard reguir@mizing
operational inefficiency in terms of space and increased inefficiencies in stock and staff

management.
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Overall, figuresl-8 through 111 raise several researcblated issues for shelf
management. Store deliveries in this example occurtiege3 (at points A, C, and E)
while shelf replenishment occurred 6 times (A, B, C, D, F, G) and stockout events
occurred 4 times (Tuesday, Thursday, Friday, Saturday). These 3 events (store delivery,
shelf replenishment, shelf stockout) are distinct thaegdted events. Since personnel
can replenish from shared space inventory, there are more frequent shelf replenishments
than there are store deliveries. Studies on how prevalent it is to have a store delivery not
fully fit onto designated shelf space wddde useful in understanding how much
backroom replenishment has an effect on task breakdowns. Although Gruen and Corsten
(2008)do state that 25% of stockouts in their study had backroom inventory available,
such as thallustrated from point E to F in Figurke11, it is not clear how often fully
moving units from shared to dedicated space (as in points B, D, and G) would occur

relative to partially moving shared space inventory (as in point F).

The task breakdown fohslf management research needs to better include instore
replenishment activities. Taking into consideration the various ways SHO and shelf
repleni shments can occur extends Cursue et
activities by at least 4 moreegts. First of all, an8step of putting inventory into shared
space would reflect both planned and unplanned actual use of this space. Instore
replenishment activities would add 3 more steps: (9) noticing there is some amount of
empty dedicated spadd,0) searching and finding items in shared space, (11) bringing
items from shared to dedicated space. There is no way to tell whether shelf inventory
graphs spike with a replenishment from step (5) or step (11) or what type of SHO (STO

or IRO) preceded tise replenishments. Not only does this example illustrate current
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tasks need to be extended from 7 to 11 different activities, it also shows that the process

is extended by an additional 3 steps (steps (4), (5), and (6)) for actual restocking when the
shelfwas partially full during instore replenishment. Thus the number of tasks possible

for one shipment delivered to the store, until all of its consumer units are sold, is doubled.
The many steps involved may better explain why replenishing shelves hasieeio

take more than half of personnel work tik@tzab & EFafli, 2015)and cost 38% of

logistical costs as comparedtesnt or e i nventoryd{danzZdlspvanost on

Donselaar, van Woens®&roekmeulen, & Fransoo, 2009)

Another researchelated issue is modelling such a complicated system since there
are different parties involved for different extended periods of time. For store personnel,
it may be ideal to replenish shelves witlea store is closed, so that during open hours
they can attend to customers. For the reta
whether the store is closed or not because staff are still carrying out operations at some
cost to the retailer. Heever, while the store is open it is possible that replenishing the
shelves come at a higher cost to the retailer because the process may take longer as staff
attend to or wait for customers within the same aisle. For customers, as long as items are
availeble (on the shelf) when customers arrive to the shelf, it does not matter when the
items were replenished prior to customer arrival. However, there may be some cost in

terms of decreased service quality when staff are replenishing during store houes and a
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in the way of customers, especially when orders to the store are received and larger boxes

take up aisle space from customers.

Whil e demand (customers) can only arriyv
hours, the time period for activities relatedsupply depend entirely on the retailer and
can include closed store hours. If logistical activities were modelled with time series
considerations, a unit of time could be al®&ur day. Looking at the effects of the
replenishment activities on stockoutrdtion for example, would include time spent
replenishing the shelves during closed store hours. However if the duration for the
stockouts were counted during closed hours, it would inflate its mean values as stockouts
in places the customer cannot acdsssre shelves during closed hours) are not valid
stockouts. Similarly, for models accounting for demand autocorrelation, the time
intervals involved are not evenly spaced. Transformation into evenly spaced time
intervals(Nieto-Barajas & Sinha, 2015r some sort of uneven time series model or

advanced modelling would be required.

Although the inefficiencies that may arise out of unintentional shared space use
are being explored, the implications of the purposeful use ofskpeee has received
l'ittl e attent i on(ErogluTWikams) & Walldr,2@l8has beeh f e ct 0
introduced for store deliveries where some units of an item do not fit on dedicated shelf
space. This inventoryoveoflw i s sai d to fi nduyMoassamnr e s hel
Williams, Hofer, Aloysius, & Waller, 201@)ecause the shared space inventory is poorly
managed and replenishment from shared space does not properly take place. A stark

example of poor shared space management in the illustration is at point F, where only
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part of the shared space inventory is used for replenishment. The stockout that occurs
after point F may have been prevented if all shared space inventory had been used
Inventory overflow studies assume that shared space units are not used for shelf
replenishment because they amaply overflow, or units of the item that unintentionally

did not fit on the shelf. Studies on how often and under what conditions stores
purposefullyhave an order size exceeding dedicated shelf capacity would allow better
understanding of how well shared space is being managed by personnel without explicitly

keeping shared space inventory records.

The @ opp o éTabocgnorgoFaraharn, 1989 customer service,
inventoryminimization and operational efficiency can be better visualized through
Figures8-11. Thecustomer servickne of onshelf inventory levels can have shorter
intervals of zero units if #hinventory investmengxceeds the shelf capacity at the time of
store delivery, allowing for instore replenishment. This almost instantaneous
replenishment using store inventory may have improved product availability as compared
to scheduled or fixed dekries from DCs, which take transportation time. However,
storeinventory investmerghould ideally be minimized instead of increased, not only
because the store can avoid holding costs but because a centralized inventory at a DC can
better distribute th#em to multiple store locations as needed. Loweiingntory
investmentvould also both increase and decrease OE. Space and labor would be more
efficiently managed since there would be less shared space use and no instore
replenishment, while stock would be less efficiently managed since SHO would be more

likely to occur anddr longer intervals.
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Finally, Figures 811 have further implications beyond their illustration of a single
item at a store. Storémvemultiple items within a product category (assortment depth)
as well as multiple product categories (assortment breadth, or product variety). This
example with illustrations of ehand, dedicated and shared space inventories, as well as
operational inefftiencies considers only a single item. Increases (both store and instore
replenishments) and decreases (customer purchasing and personnel relocating items) in
the graphs appear as if neither the customers nor store personnel interact with any other
item inthe store. In reality, a customer may decide whether to buy this item depending on
the shelf availability of other items in the product category or store. Or if this item is
SHO then they may buy another item as a substitute. Similarly, personnel nesystepl
this item before a SHO occurs while replenishing another item which has SHO. Or they
may not be able to carry out an instore replenishment of this focal item but may have
brought out other items from the backroom in this product category whichhtbrey t
replenish. Last of all, personnel may not be able to replenish the dedicated space of this
item simply because they are attending to the replenishment of other items. In this way
the shared and dedicated inventory levels of a single item can be tearreitn the

shared and dedicated inventory levels of one or more other items in the store.

1.2.4.3 Overview of current theory

Store handling operations have not been studied rfwachZelst, van Donselaar,
van Woensel, Broekmeulen, & Fig00,2009) I n f act, fAcompared to
functions of transportation and warehousing, instore logistics plays a minor role in

publicati ons a {ohn,2013, p. @)k celtainlstodis) irsstore ¢ s 0
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logistical activities are not the focus of the hypothesis teghftogginnon, Mendes, &
Nababteh, 2007Waller, Williams, Heintz Tangari, & Burton, 201&ince there are no
measures fiothe logistical activities of store personnel or of other resources directly

measuring instore logistical activity.

Instead, scholars use tblearacteristics of the store afritems,as a measure of
logistical activities For example, in testing the eflts of case pack size on item sales
relative to other items, Waller et §2010)assume that the size of the case pack can be
used to measure the storeds reliamase on o0V
pack sizes raise the likelihood of overflow inventory, which is then brought back to
shelves less efficiently thasthelves which are replenished with items newly delivered to
thestore(Gruen & Corsten, 2008 urseu et al2009)do find a positive relationship
betweercase pack sizend the time it takes to complete certain logistical activities, but
do not distinguish between replenishment from deliveéadbe storeand those from

within the store

Backroom space is one of the store characteristics that scholars suggest have an
impact on the SCPires, Pratas, Liz, & Amorim, 2017First, backroom areas could help
DCs with capacity issues, by being able tolpgsods downstream instead of keeping
them at the DC location until store customers demand them. Secondly, the backroom
could enable the DC to plan routing to stores over a greater time period, as the sales area
does not need to be open or be affectechbytriaffic from a delivery to receive the order.
Transportation costs may be reduced, say the scholars, because multiple trips to the store

throughout the day are avoided as consumer units that do not immediately fit on the
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dedicated shelf space can remaithe backroom until needed later in the day. The

fourth way backrooms may impact the SC is by enabling online purchases to be picked
up or shipped out from store locations, so the backroom is an extension and expansion of
the distribution network. Thest two ways the scholars suggest backrooms can impact

the SC is related to the design of the backroom. It is not only an area for product storage
but one that holds employees (#5) who can sort delivery paperwork and enter inventory

information into storeecords (#6).

While warehouse planning has long been considered a strategic component of SC
networks(Ballou, 1976) store backrooms have not been included in such studies and
they do differ from warehouses. The Pires
particul ariti es, 03)hereaccadnmmthe 5S zoeectlenfjemtad | e 1
retail (Pal & Byrom, 2003)Pires et al. (2017) emphasize that backrooms are designed in
an ad hoc manner, often by building new stores similar to existing store formats. The
backroom is generally split into a social area for personnel and a prodyatigihea
products split into food, nefood, and chilled areas. The total backroom area competes

with the sales area, as there is an overall store size that both types of space must share.

Area How a backroom space differs from a warehouse (W)

Backroom design depends on the type of retail store

Systems Does not use aisles which take up too much space
Has fewer and less powerful equipment
Space {1 Square footage more expensive since stores are located in

residential or city/downtown spaces
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T Must i cththeseldng area,iwhich competes for the san

spaceo (p. 236)

1 Demand for backroom stock is less predictable than warehoug

Stock demand and is only triggered when there is a SHO
1 Deliveries to store are more frequent and smaller compared t(
Has fewer personnel
Staff No dedicated pickers; personnel must split time between
backroom and sales area
Not as organized as warehouse space
Standards

Not considered a priority within the store since personnel focu

attending to customers

Table1-3 Warehouses versus backroofRges, Pratas, Liz, & Amorim, 201if) 5S

areas

Furthermore, according to Pires et(@017), this space is more expensive per square foot
than the space in a DC or warehouse kBaam space is located either in a residential

area or other nemdustrial and higkcustomer traffic area. This more expensive and
constrained space has systems in place that differ from typical warehouse spade h a s
l ow | evel of autoo mweatriechnodu sceosmpsairnecde st or e
o p er a(Pires, Rratas, Liz, & Amorim, 2017, p. 23Bhere are also fewemumber of

store employees who work solely in the backroom space as compared to the sflumber
employees who work in warehousHss is because thgriority in stores is theales area

and serving clients, whereas in warehouses the main priority is managing the storage
spaceSince the Cddelivered to the store for each item are generally féhaar

guantities arriving to warehousdmckroom space is less of a priority than warehouse

space in terms adrganizing any CUs of the item that remain in the backroom after shelf

replenishment.
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Shelf management and instore logistics decisions can affect store profit. Hubner
and Schaal2017)show how a specific retailer can increase profits by 22% for two
shampoo items by using both shared and dedicated sgeceniXedinteger
programming model considers two types of replenishment costs: total direct
replenishment (comprised of fixed cost to replenish an item, variable cost for each unit
replenished, and dedicated space holding costs per unit) and total backroom
replenishment (number of shelf refills from backroom, backroom inventory and
backroom inventory holding costs per unit). The objective is maximizing profit by
optimal choices of many facings each item has, the orientation of each item, and how
often eachtem is ordered. Since they are given elasticity, cost and demand data for both
items, they can calculate overall profit with different scenarios of shared and dedicated
space use. From their model and case study they conclude items with higher profit
margns should be allotted more dedicated space than items with low profit margins,
which could be kept in the backroom and replenished more frequently. They also
recommend: Aif retailers have the opportun
they shailld leverage them, because backroom space allows for more flexibility in
planning showroom sheffpaceandbs t or e r e p | e n i (BluUbmee&nSchag,r o c e s

2017, p. 145)

Overall, shelf management and instore logistics are considered tactical tasks that
only affect daily operational efficiency of the store. While the below statement refers to

how instore handling is linked to operational costs, further research on salpsomgy
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strategic decision makers to also incorporate instore logistics into their decision making

process.

AA main deficit in retail practice and
handling operations are not well embedded in planning procedarkigher

planning levels, even though instore handling operations contribute to nearly half

of the total operati ¢Kuml2018,@.sl%)s of groce
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1.3 Product availability

Product availability, oits counterpart of stockout occurrenbas great impaain
firm performance. 't i s o(BowersmX & Clobsel9d)f undam
of customer servicm terms of determining saleSlobally, retailers incur a venue loss
of $634.1 billion annually(Buzek, 2015from stockouts which occur 4.9% to 12.3% of
the time (Gruen, Corsten, & Bharadwaj, 2002, p.,Idpending on the product
category Asore | oses an estimated $200 to $800
personnel tracing stockout events and customers lose 20% of their shopping trip time
waiting on more information about a stocked out if&ruen &Corsten, 2008, pp-8).
Approximately 50%Zinn & Liu, 2008)to 81% (Corsten & Gruen, 2003)f customers
who face a stockout switch stoyasdrepeated stockout experiences affect customer
store and brand loyalt§furk, 2012)(Walter & Grabner, 1975)ith retailers losing
short (Wu, et al. 2013) and even greater laegm(Campo, Gijsbrechts, & Nisol, 2003)

market share.

1.3.1Measures

Though i mportant to firm performance, t
in the suply chain makes it difficult teapturestockout occurrence. As customers
browse and pick from the storebs accessi bl
whether the customer has taken the last uratmfoductrom the shelf to purchase or
evento misplace in another part of the stdreleed, store personnel cannot krewxactly
when a shelétocks outinless thegitherhaveemptied it themselves during
replenishmenéactivity, are constantly monitoring the shelykave a technology that
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monitors shelf stock levels for theror have a customer inquirgdditionally, stores
usuallyhave some amount of inventory overfl¢igroglu, Williams, & Waller, 2013)
where theotal number of units o produci n t h e ossessmm dods sot ffi on the
shelf space allotted for iStores could also be purposefully ordering nmmesumer units
of an item than the shelf space dedicated for it, to be able to provide giessigment
depth with constrained total shelf spacet knowing when that dedicated space has
stocked out and needs to be replenished, or not being aware there is inventory overflow in
the store for an item may result in poor instore replenishment of thatBrause of
this, it is possible foa producto be stocked out on the store shelf but balin the store
out of the reach of customeand thus unavailabl&hedistinction betweeproductsthat
are in the store budttave not properly been replenishedthe shelf [RO) andproducts
that are neither on the shelf nor in the store (S§@pt made in thidissertation In
general, if a product is not available on the shelf space dedicated for it, it is-aughelf
(SHO)and this dissertation studies SHO without limiting the phenomémonly STO

or only IRO cases

Since it is so difficult taneasurean entiresSHO event fora producibn the store
shelf, there have been multiple approachesstonatingSHO occurrenceUntil now,
only vending machine studi¢dnupindi, Dada, & Gupta, 1998)ave directly tracked
pr od BHQodcwrence in entiretystockouts usually appear in the literature measured
in one of themethoddisted in Tablel-4. Each method has its own strength and
limitations andheuse d one over the other may depend on the research question of the
study. Experiments generally presei@HO event to studyts effects in terms of

customer
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Tablel-4 Current methods of measuring stockout occurrence
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reactions or firm performance. With this method, it is not possible to also capture
antecedents to SHO as the stockout occurrence itself is a resezmetielied

experimental factor. Similarly, pohutf-sale (POS) data can be used to estimate when a
product must have stocked out on the shelf. P@sd estimates of when a product must
have stocked out varies: from straightforward calculations of assuming a SHO must have
occurred during periods of time wigesales is 2 standard deviations below the mean sales
(Hausruckinger, 2005Jo complex algorithms requiring naive Bayes types of machine
learning(Papkiriakopoulos & Doukidis, 20119 estimate SB. SHO estimated through

POS data are generally used for studies on the antecedents to SHO, since the sales values
cannot again be used to measure performance effects of SHO. POS data and perpetual
inventory records are often confirmed with periodic maaualits. Without manual

audits inventory records and sales records (POS data) may be only 45% and 85%
accurate, respective(sruen & Corsten, 2008%imilarly, when directly observing retail
shelves with manual audits, dé@spadditional costs incurred from having store personnel

or a third party physically at the shelves, SHO events are still not observed in their
entirety (from the moment the product has stocked out until the moment of
replenishment). This is why the twaost often used methods to measure SHO are

manual audits and POS estimai@subor & Milicevic, 2015)and inventory records used

along with manual audifSimicevic, 2015)

The remaining methods of measuring stockout occurrence, through survey and
simulation, enable the study of both the antecedents and effects of stockouts but also have
limiting considerations with their use as listed in Tabke First of all, using survey

researchers can capture information about drivers, stockouts and outcomes such as sales.
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These surveys are questionnaires to store personnel, not to customers (when customers
are respondents, the study is to learn about intended customer reactiokdotsjoc

While store personnel responsible for shelf replenishment may know when stockouts
occur, the information obtained through surveys is still general in nature, without
providing exact stockout and replenishment times of individual items. Simulatised

to study which conditions drive stockoEroglu, Williams, & Waller, 2011)how

different lengths of stockout duration affects retailer market ghéwe Huang,

Blackhurst, Zhang, & Wang, 28}, or a systerwide analysis of how inventory record
inaccuracy spurs stockouts which then affect fill rates and average inventory levels
(Nachtmann, Waller, & Rieske, 201)he starting values of parameters in simuleio

are often taken from a relile numerical example or dataset.

None of the current stockout measuring methods actually capture entire stockout
events, so stockout research has focused on different attributes that can be measured from
a stockout evengs in Tablel-5. When the stockout event is an experimental condition,
it essentially has a binary value of test (1) or contro(KRang & Zhang, 2016)r has a
categorical value if the study focuses on how customer resgaries depending on the
cause of product unavailabilifAnderson, Fitzsimons, & Simester, 2008jhen
stockouts are estimated or measured instead of researcher generated, Gruen and Corsten
(2008)recommend that more than one of the following attributes of a SHO event are

considered: the SHO frequency, duration (or availability), intensity, and the breadth.
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Table1-5 includes limitations to each type of stockout rate as well as examples of
research using each attribute. The table does not list availability rate or customer impact
rate. Availability rate is defined as-QOS duration rate) and still carries the same
considerations as the duration rate in Tdbte Similarly, OOS customer impact rate is

an intensity attribute with the same concerns as the other intensity attributes of unit and
monetary lost sales rates. As this table shows, of all the different ttrymes, breadth

is the most commonly used and discussed (such as 8% global stockout rates) measure in
empirical work by faGruen & Corsten, 2008yhile duration is the least comm@Vu,

Huang, Blackhurst, Zhang, & Wang, 2013)

The leastboften used attribute can be a problematic measure for multiple reasons.
For SHO duration, the rate is the total time that the product is stocked out divided by the
storebds total s eifalstoraigopenifonk houls,amd wighi thamp | e
period, a product is stocked out for 4 hours, then the stockout duration is: 4/10) = 0.40 or
40%. The duration attribute may give retailers a better understanding than the frequency
attribute of how likey customers are to face an empty shelf. A 5% SHO duration is
probably less of an issue than a 90% SHO duration in terms of the number of customers
not being able to find the item in its dedicated space. However, the duration attribute
requires knowledge dhe exact moment of SHO occurrence and may be underestimated
if it is being measured through shelf auditing since there may be a time lag between when

the item is SHO to when the store is aware of the SHO.
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Additionally, the duration attribute on its owlilees not provide enough
information on where the replenishment process needs improvement. For example,
consider two items, each with a weekly SHO duration of 30%. One item has a SHO
frequency of 5 during that same time period while the other item has dr&i@ncy of
1. The item which stocked out once stayed stocked out for a loagsecutiveéime
period than the item which stocked out 5 times during the week. The total amount of time
each one stocked out may be exactly the same (equal SHO duratithg ibeim which
stocks out multiple times is being replenished multiple times throughout the week, while
the single frequency SHO item is not. If the retailer has only SHO duration information it
is possible that the inventory management of both itemswididjusted in the same
manner. Instead it may be more appropriate to increase the shelf space allocated to the

item frequently stocking out and the order size of the item stocking out only once.

The SHO frequency attribute also faces challenges whesidewad on its own. It
is defined as the number of times the product is stocked out divided by a given unit of
time. For example, if a product is stocked out 2 times in ofeoli® selling day, the
frequency is 2/1 = 2 because the unit of time is one@are must be taken that the unit
time is the same actual length of time across all observations for this frequency attribute.
Within the unit of time where SHO frequency is counted, it is not clear if the item was
not available that entire amount of timefor only a few minutes, so the frequency
attribute does not provide the depth (or length) of any SHO event. An item which was
stocked out once for a 4@inute portion of the @ our day would be viewed as equally
stocked out as an item which was stockatlonce for a $our portion of the 1-Bour

day. Because of this, the SHO frequency attribute is more useful for seeing how an
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individual i tembs availability has changed

inventory management has been changed (larger sizes, etc.). It may also be useful
in comparing availabilities of multiple items over a small amount of time (store day or a

few hours) to compare the pattern of SHO frequency over time from one item to another.

The intensity of a stockout refersits effects on the retailer or to customers. It
can be in terms of units lost (units lost to stockout/(units lost + units sold)), or sales loss
which is similar to units lost in monetary terms. For example, if a store lost 40 of the
original 100 units deanded by customers the intensity of the stockout would[(E0D-
60)/100]= 0.4 or 40%. The customer impact rate considers the number of customers
affected by the stockout in terms of basKétsderson, Fitzsimons, & Simester, 2006
assumes if a customer faces a stockout, then all items from that shopping trip will be lost
because the customer will purchase the entire basket of goods elsewhere. In this way it
attempts to capture the intensity of a SHO event in terms aifdimg) lost sales of other

items which may be in other product categories and may not even be SHO.

The breadth attribute is the most often used measure for product availability
studies but also has its limitations. It is the number of different SKUsréhaua of stock
divided by the total number of SKUs offered. This is a snapshot in time. For example, at
a certain time if 4 out of the 50 items offered in a product category were simultaneously
stocked out the SHO breadth for the category would be 4(608-or 8%. This SHO
attribute is useful for comparing entire categories, stores, manufacturers, or across stores.
It is easily obtained by simply visually looking at a store shelf and counting the number

of items that are SHO. Depending on the unitrouging of analysis (category, store
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over time, manufacturer, etdét)may help retailers see which groups have a greater

proportion of items available than other groups of items, but lacks any measure of each
itembébs SHO patter n \valiytthe groupsearaycvaryigthestatap . Ad d i
number of SKUs offered. For example, one product category may have 40 items in its
assortment while another product category has 220 items in its assortment. A SHO

breadth of 10% means 4 items are simultaneously etibclt in one product category

while 22 items are simultaneously stocked out in another. Treating the 10% SHO rate as
some sort of ordinal measure comparable across groups may make it difficult for retailers

to decide which product category needs morentitte.

Even when scholars use the same attribute across studies, the stockout measure
itself can vary from study to study, making it difficult to compare stockout research
across studies. For example, in one st{dgutrims, Grantf-ernie, & Harrison, 2009)
the breadth attribute is a ratio of the count of the stores that have an SKU in stock at the
end of a day, over the total number of stores carrying that SKU during a period of time,
as a measure of availability. It is theadability rate for each individual item, and the
authors call it OSA. Simicevi@015)measures breadth of stockout in a different
manner: A...if we observed three stores, t
SKU in one store for 1 day the inventory level at the end of the day was zero, the stock
out rate in this case would be 8.3% (1/12)
is a measure of how many items in how many stores are stocked out fordmywdays
(relative to the total sample). By definition an availability rate is equal to 1 minus (or 100

percent minus) the stockout ré€eruen & Corsten, 2008but in this example the two
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studies do not allow for a comjswn of rates even though they are both measuring the

same attribute of SHO breadth.

Additionally, the terminology for stockouts is far from standardized and often
does not properly express the attribute of stockout being sti®tmekoutrelated
research uses terms and abbreviations about the topic suchsaglfaavailability,
stockout, stoclout, stock out, out of stock, eof-stock(Moussaoui, Williams, Hofer,
Aloysius, & Waller, 2016)or OSA, SO, OO0S. Since OOS and stockout refer to the same
thing, the mel@rsbor&diliceviz®8l5m at edbst ockout rat e
(Simicevic, 2015)s expected to be a comparable measfistockout. Instead the
Grubor and Miliceviq2015)OO0S rate uses a measure for the intensity of the stockout
while the Simicevig2015)stockout rate uses a measure for the breafdite stockout.
Even more confusing is when a studyautrims, Grant, Fernie, & Harrison, 2009)said
to be measuring availability (by definition based on SHO duration) but is measuring
breadth of availability (based on adwof products available among those offered).
Trying to reach a consensus on either the antecedents or effects of SHO occurrence is
difficult when the terminology is inconsistent or points to a different attribute than what

is being measured.

There has lEn a push to bring a common set of language to stockout research,
but even these recommendations have not been able to sufficiently capture stockouts.
Gruen and Corstef2008, p. 14)recommend as best practiceuse their terminology to
clarify what type of stockout research is being done: item OOS event rate (for frequency

attribute), category OOS event rate (for breadth), OOS duration ragi¢a)i(and its
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counterpart oshelf availability rate (availabilj)), OOS lost unit sales rate (intensity),

OOS sales loss rate (intensity), and OOS customer impact rate (intensity). Given this
framework, Grubor and Milicevi2O1l5\woul d use the term AOOS | ¢
and Smicevic(20l5\woul d use fAoverall OO0OS event rate.
stockout terminology is not orike seven termthat Gruen and Corsten have suggested.

Their terms do not sufficiently descrid®i mi ¢ stockowt tatsas the number of total

stockout occurrences for all SKUs in all stores for all dasen though it is indeed a type

of breadth measurememot only would scholars have to adjust the names Gruen and
Corsten(2008) recommend to properly reflect their unit of analysis, but even with this
terminol ogy AOO0OS0O -cutmpdry MEHE@I sag oprae sdiretl &«
dissertation. Researchers who are specifically limiting their research to SHO that are due

to poor instore replenishment (IRO) or poor inventory investment decisions (STO) would

benefit by making this clear at the very onset of introducing their ¢imtyab & E}

Jafli, 2015 nst ead of t he generauleinfosBtBnlyused /A OSAO0

today.

1.3.2Antecedents and effects

Stockout research is known é&xistwith two separatstreamsof focus(Aastrup
& Kotzab, 2010) Just as any phenomenon has antecedents and effects, steskauth
too has streams that are concerned with what characteristics drive st¢aktetedents)
and how stockoutsnpact performancgeffects). However, there is little research that
considers both the antecedents to and effects of stockout, arglrtiostilikely due to

the difficulties in measuring stockout. For examplasiderstockoutsestimatedusing
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POS data. Those estimated stockouts cannot be used to study their effects simcales,

the stockous were estimatedsing salesSimilarly whenstockouts are a factor in an
experimental design it makes little sense to study the antecedents to stockout.
Additionally, different areas of research (marketing, operations management, etc.) assign
themselves to different aspects of retail shelf avaitgh#oscholars have accepted

studying stockouts in the two separate streams of antecedents and effects

Studies on the effects of stockdobk at different outcomes depending on the
research topid-ocusing on store brands for example, sinsmekoutof one brand may
mean an increase in demandabther brandBorin, Farris, & Freeland, 1994)is
possible that retailers will choose to purposefully let items from other brands stockout so
that their own brands with highprofit margins will bepurchasednstead(Shah, Kumar,
& Zhao, 2015)Usually, however, research on the effects of stockout find poor
performance results as |isted in the intro
(Section 1.2). These studies are then usually used as practical motivation for future
research on minimizgnstockouts.If the research focus is mustomer servigestudies
on stockout effects revolve around customer reactions to sto€kastbmer reaction
studies are in the doze(Sampaioa & Sampaio, 201B)t generally covebehavior
where the customer will either substitute (to another item whether or not of the same

brand, or to another s®y, delay purchase, or leaf@&nn & Liu, 2001)

Since customer reactions may meaakes los$or that steked out item, for the
brand, or for the storstudies look to optimize stockout for customer service and profit

(Trautrims, Grant, Fernie, & Harrison, 2009) this case the customer behavior becomes
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the phenomenon of intesieand research looks at the antecedents and effects of customer
behavior to be able to explain or predict the shifts in demanfide goal in operations
management research is to keep the stockout event the focal phenomenon and study what
the impact of rsulting demand streams will mean for retail operatenm inventory
managemen®o the research focus is managing stockouts through better informed
forecastingThe notion of stockout cosfgValter & Grabner, 1975rose fronstudying

the effects of stockout in this manner, and assortment planning research has a stream of
analyticmodels todeterminenow much and whickiems retailers should hold, based on
customer choicéHonhon, Johnalagedda, & Pa®12)Empirical researcktudying

stockouts costlave only begun fairly recent{Anderson, Fitzsimons, & Simester, 2006)
with quasiexperiments where customer response is studied to get a better understanding
of reducing stockout costs through marketing tactics. In this case, the focus of the
research is how to minimize lost sales (customer reactions that result inds¥isstead

of minimize stockout occurrence.

Studies on the antecedents to stoclkadsh varyby researchopic. A recent
taxonomy classiés stockoutdrivers into5 categoriesoperationalO), manageria(M),
behavioralB), coordinationC) and systena (S) drivers(Moussaoui, Williams, Hofer,
Aloysius, & Waller, 2016)A complete list of driversinder each category is provided,
with permissiorfrom authorsn the appendiXAppendix Il). Operational drivers have to
do with merchandise management and administrative retail tasks that decide how many
units ofa productare sent to a store, how many units are put on the shelf, how often they
are replenisédand other shelf management issues. Managerial drefate toemployee

training in terms of emphasis on the need to mitigate stockouts amzh&gerial
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turnover which affects the manager s fami/l
to variousstore employeactions ranging frorerrorsto reckless disregard forase

policies or processes. The authors refer to coordination drivers as issues of

communi cation or being in synch with busin
replenishment personnel. Finally, systemic drivers do not have to do with store planning

or execution as do other drivers. Theysagdtobdide f act o constraints
stockoutriskk nd require fAia structural alteration

(Moussaoui, Williams, Hofer, Aloysius, & Walle2016)

ADMINISTRATIVE
RETAILSTRATEGY TASKS

Poor forecasting (O)

Case pack size (0) STRATEGIC
Network design (S) Replenishment DECISION
Shelf capacity (O) frequency (0) MAKING
DC mistakes (O) AREA
Manager turnover (M)

Coordination (C)
Communication (C)

Poor ordering (O) Backroom operations (O)

Master data errors (O) Shelf management (O) TACTICAL
Product variety (S) Shrinkage (B) DECISION
Shelf capacit ‘(/O) Checkout errors (B) MAKING

bacity Manager not AREA

System override (B) emphasizing OSA (M)

MERCHANDISE STORE
MANAGEMENT MANAGEMENT

Figurel-12 Stockout drivers (Moussaoui, Williams, Hofer, Aloysius, & Waller, 201€
organized in terms of the retailer's 4 decision making areas

Viewing these stockout drivers in terms trasegic and tactical retail decisions

outlined in Section 1.1 of this dissertation sheds new insights. Figledists retailer
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based drivers from Moussaoui e{2016)with a letter signifying their classification

grouping in parenthesis. The systemic drivers having to do with demand (autocorrelation,
unpredictability, velocity) are not includ
control. Each driver is placed in its decision area based on the de8rofistrategic and

tactical tasks reviewed in Section 1.1. A category of drivers may be split into different

deci sion areas. For example, the driver fAm
strategic human resources activities under administratike teeause that is the
decision area which includes hiring and tr
emphasi zing OSAO0 driver is a tactical stor
topic of managing store employees. Moussaoui gGl6)classify both as being in the
Amanageri al driverso category. Furthermore
decision areas. For example, shelf capacity appears in two locations because the retailer
determines thsetrategy, location (planograms) and flow of goods in consideration of both
economies of scale and cannibalization, while the store itself can adjust fdoirgisre

specific needs. Communication and coordination issues now clearly fall between the

different decisiormaking areas of the retailer, as do shipping size, shelf capacity and
backroom replenishment issues. Research on backroom replenishment issues point to a
misalignment between the ordering process, shipping size and shel{Epzgia,

Williams, & Waller, 2013)and the schema in Figutel2 illustrates they belong to

5 The retail shelf space for a product consists of a width, heighdepth determined by the shelf

dimensions. Items are allotted a certain portion of the total shelf capacity. The number of units, or

consumer units, a product is placed horizontally in terms of width of spadadm@(e.g. a product with 2

facingshat wo consumer units si de dagking isdevhem tame SKiuélsf ) .
consumer units can be placed on top of each other w
of 3 has 3 consumer units in a vertical column). Finatly depthrefers to the number of consumer units

that can be placed deep into the shelf (e.g. a product with a row depth of 4 has four consumer units back to

back, from the front of the shelf to its back). Item shelf capacity is facings * stacking * rowfdep#th

product.
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different decisiommaking areas. Overall, all of these drivers are within some decision

making unit of the retailer and as such ar

The drivers removed from the list of curfgrknown antecedents to stockoarte
al | related to demand and should be consid
velocity, unpredictability, and shrinkagehrinkage(Fernie & Grant, 2008 a
phenomenon thauffers from a lack of standard terminojogy operationalization
(RILA proposes to redefine 'shrinkage’, 2Q18dwever,since t refers to lost items
generally stolen by store personnel or othitksgn be consideredseparatestream of
productdemand even oimferousarendt paying for thos:eé
(Taylor & Fawcett, 2001has to do with how many units afproductare demanded
within a unit of time. Higher velocity means that thenber of unitof a producbon the
shelf will be depleted within a shorter period of time than demand with lower velocity.
Since the r et ai kupplydnsommgpdeneandy highep \elscgy densandt o
needs to be atched with more frequeshelf replenishmerdr greater inventory
investment in terms of the number of units held on the &tagfacity) Demand
unpredictability(Corsten & Gruen, 2003fers to a stochasti@riation of the velocity of
sales or actualized (realized) demardcreased variance in demand will lead to poorer
forecasting, whiclmayresult in stocking too few or too many iterfi®o few items
obviously cannot meet arriving demand, while too many items face the risk of being
storedin some overflowor sharedarea (backroom etc.) where it is lost, forgotten, or

otherwise leads to poor backroom (overflow) replenishment.

1.3.3 Overview of current theory
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There are currently 3 areas of concern with empirical research of stockouts. The
greatest obstacle is the lack of a precise measure of a stockout event. Witlyout full
observing a stockout event, researchers have opted to test certain aitigiates The
second obstacle is the lack of standardized terminology and clarity in how sttesiadsi
are measured for hypothesis testing. This lack of consistency makes it difficult to have a
consensus or growing conceptual framework on stockout antecedents andeffetts

is the third area of concern in this stream of literature.

Comparing sudies with different stockout attributes may result in conflicting
findings if the attributes themselves may have different relationships with the antecedent
or effect being studied. Constrained product category shelf space may with an increased
number ofSKUs mean that each SKU has less space than if the variety was lower. With
less space, there are fewer units of each SKU of grasgdertment deptiihan there are
of lowerdepth With fewer units on the shelf, store personnel would likely replenish each
SKU more frequently. The breadth of stockout, or simultaneous SKU stockouts, may
increase, but the average duration for a stockout may not change or may even decrease if
store personnel are in fact replenishing shelves more frequently. In this examghlet pro
assotmemvoul d have a positive relationship wit
case and a negative relationshi phiswwhyh Ast o
Moussaoui et al. (2016)stateh e A st r ong need fsanrwhich®©®® ar c h

could be tracked in a more efficient and reliable manner
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1.4 Product substitution

Assortment
Planning

Stocking
Decision

Pricing
Decision

Figurel-13 Planning for substitutable products, adapted from Shin et al. (2015, p

Retail management decision areas vary depending on what type of product
substitution mechanism is being considefédure1-13is adapted from Shin et al
(2015)to illustrate the different types ofistomerdrivensubsitution. Customers may
switch from one item to another because of price differences, requiring retailers to
carefully consider pricing decisions including discounts and promatidd® r i-stodes i n
support effecin Figurel-7). Assortment choices, or wingroducts to carry, are a focus
for substituton due to produespecific attributesin this case, there may beproduct
with differentfeatureswhich drives customers to substitute, or the store may not carry the
initially preferred product within itsreay of offeringt. Bor i nds assort ment
Finally, retailers focus on stocking decisions for stockmaged substitution. Since
customers switch because of the stockKoo r i nés | nnetellarsousty ef f ect )
consider decisions merchandise and@®e managememsiuch as inventory review

policy, order quantity, how mudland wherejo hold and how often to replenish.
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Because of the retail er 6mductsubsttutieninpl ac e
retail differs from substitutiom upstream membg especially for CPG items. In retail
stores, customers take on the active physical role of walking through and looking at
inventory and taking items from store shelves where similar items are also stored. The
customer decides what to buy after theiletdas decided what to offer in terms of
guantity, attributes or pricing. For upstream supply chain members, the customer may not
even be aware that a substitution has even taken place if the firm has substituted a
product component or stassembly durig productionUpstream S@nembers either
automatically substitute alternate components or subassenal@®rderpr explicitly
prompt customers to consider a substitute. Substitution actively decided by customers is
known in the literature asustomerdirectedor customeidriven substitution. Supplier
driven substitution assumes the seller is the substitution decision maker and stocks, prices
or selects a product assortmantordingly(Shin, Park, Lee, & W.C., 2015Although
some retailers may have personnel who actively prompt customers to consider available
alternatives, CPG tend to be ss#frvice items with product attributes and alternatives

which are familiato customersnd readily apparemin store shelves

Customerdriven substitutionthough perhaps not as clearly distinct from
supplierbased substitutioas literature suggesits the retail settingis the terminology
used in this dissertation in accordance with current substitution liter§iace his
dissertatioronly considers the inventory effect on brand sales and store management
activities affecting shelf availability, the assortmeaartd pricingbased substitution is

beyond the scope of this work.
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1.4.1 General framework of stocketaised producubstitution

Stockoutbased gbstitution or the inventory effeqBorin, Farris, & Freeland,
1994)occurs whenever a customer switcfresn an unavailablaitially preferred
productto an available alternatEor exampleif mint-flavored toothpaste is not on its
designated shelthe peppermintor wintergreertoothpaste or the same flavor in another
size or brand may be purchased instead. Indeed, Ge et al. (2009) found consumers
observinghata product is sold outexperiere an fi mmedi acy effect,
urgent to buy something immediately instead of delaying the purchase of the stocked out
product Known as customer switching, this type of substitution phenomenon constitutes
only a small portion of risk pooling krature (Oeser, 2010). The pooling of demand
occurs when spillover demand from a stocked out product is able to be fulfilled by an

alternate product.

The stockoubased substitution phenomenon occurs as a combination of 3

conditionsrelying onboth storgsupply)and customefdemand)actions

1. There are n@onsumer unitsGUs) of an itemthe store usually offers on its
designated customer accessible shelf

2. Store personnel do not stock the empty shelf with any Ctlee@kem before
customer arrival.

3. Customers arrive finding the shelf empty and a portion of them willing to switch

to an alternate item do so.
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The first condition for theustomerdriven substitition to occur i SHQ which
can occur either as an IRO or ST@r lan IRQ CUsare available within the stotritare
not on designated custorraccessible shelvdsr thatitem, which points to room for
improvement in storeeplenisiment processegora STO,the products neither onts
shelf norat any other locatiowithin the storewhich suggests either a lead time greater
than accounted for with safety stock,meiccuratdorecasting in the administrative task
area Several studies show more thiaalf (5298%) of stockout incidences are caused by
issues within the stor@ruen et al., 2002; Mckinnon et al., 2007; Ehrenthal and Stolzle,
2013)even though only 25% of SHO have been found to be IRO (Gruen and Corsten,

2008).

The second condition fahe phenomenon to occur is that store personnel do not
replenish the empty shelf space before customers searttaf@roductShelf
replenishment could be delayed for several reasBessonnel are often not aware of the
instant when the dedicated spastocks out. Some time may pass before knowledge of
SHO.Personnel maglsobe occupied with other tasks already or may be interrupted by
other tasks when trying to replenish that shelf space. If the shelf is empty because of
STO, there simply are rmrsumer unitof tha itemanywhere else in the store with
which to replenish. If personnel have to searchifeitemin shared space, the search
time may take longer than the time between the item SHO and the next customer arrival

to that dedicated space.

The third condition that makes custontleiven stockoutbased substitution

possible is the customer finding the designated shelf space BHhé@&em empty
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Since this substitution decision is based on the inventory éBecdin, Farris, &

Freeland, 19949f atemporarily unavailablproducti n t he st orebés assort
customer 6s behdgnamicor Dy ma mia¢ dc h @i e i s when
choice from the products availablesnt oc k at the ti me of their
(Honhon, Gaur, & Seshadri, 201@Qustomers have individual preferencepuadducts

they would be willing to buy, ranked from the initiapyeferred produatown to any

numberof items to which they are willing to switathen faced with product

unavailability(Honhon, Johnalagedda, & Pan, 2Q13udies show that the majority of
grocery store cust omévostebfandsizid dwasu brsd ti t auvt aei |
(Mahajan & van Ryzin, 200Blthough there may also be customers who leave without

purchase when faced Wit stockout

Customersnay rank preferences according to price, any other product attribute,
or just random whim, but the customer does not sviitmin the more preferred iteto
an alternat&em unless faced with stockout. For those customers willing to substitute,
they may prefer any number of alternate items and those items may be ranked in any
order. All alternate preferences as well as the ihtieferred producare included in
the retailerds assortment but storgshelvesrat may n
the time of intended purchagence faced with the stockout, tbestomer does not have
to make a choice among available items. Instead the customer immediétetheswo
the next mospreferred produg¢twhichever that may be for a specific custonesee if
that alternate itens available Analytically modellingsuch switching behavior is said to
be NRhard which is why heuristics are often used for this type of substit{iHimmhon,

Johnalagedda, & Pan, 2012)
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It is necessary tdefinea specific set of termto refer tosubsitutake items within
a storebs pr oducAnitemawhiengsdhe fighesoranked iem i | y
cust omer 6s pr edfeaadomstiaprefereeditém Ihthe prefesredtemis
not availablejt is referred to as thetocked ouitem or SHOitem The cust omer 0 s
ranked preference is referred to asdhernate itemlt is possibé that either or both the
preferredtem and any other alternate itemmay beunavailable Any item outside of the
preferredtemis an unavailable ostocked oufor SHO)substitute Sinceno single item
in a product categorig the preferredtem for every single customergsearchers can
select one item as a focal item and distinguish customers by this focalGigstomers
who arrive at the store initially looking fahefocal item areinitial customersof their
preferredtem. Customers who have switched over to this focal item from theirSid

item arealternate customer® thefocal item.

In stockinga focal item the retaile accepts that a certain portion of arriving
customersill not be able to buthis itembecause of stockout. How the retailer stocks
and replenisheisemsis determined by the targii rate, SL, it sets foreachitem. The
targetfilratei s a fAsubjecti ve (Teraimealg§od, p.ebiyhich udgment ¢
accepts not meeting a certain portion of demand because it would be cost prdiibitive
always hold much more inventory than the expected demand for an inventoryfcycle
the retailer sis a goal of 90%ervice leve(target fill rate) a series of calculations from
inventory management theergommercial software is often us@dubner & Kuhn,
2012}-determine how much to stock and when to reordeitéine tomeet this target fill
rate. The target fill rate, in other words, is a measure of the inventory investment the

retailer must make to reach some desired level of customer skEnvaeitem Outside of

77



a small margin of error due to calculations based moranal distribution(whereas items
can only be stocked in integer values), the retailer can expect to meet the SL goal and can

serve 90% of custome(measured as fill rates) athpting to purchase the focal item

What customer service levels (fill rates) are attained with the stobaset
substitution mechanism is involved? There is no strdyfward or simple answer to this
guestion, as the theoretical model with a multitude of different customer pathschelps t
illustrate in Figurel-14. The initial node at the very left of the model is the entire
demandD, for the product category, and may be averaged over any time interval (day,
week, order cycle, quarter, year, etc.). The category deDandplit into a total oh
possible subsets representing the initial customers for each item. For exaghpk i3
the proportion of total category demand for initial customers of item X. The customers
represented by the first set of links are ableitioer purchase the preferred item or find
that it is stocked out. The proporti&@h; of each initial customer grouping is the marginal
probability of those who are able to buy the preferred item, while the proportion who
faces a stockout i3 (or 100-9.i if it is an integer percentage instead of in decimal
format) As such, there aBn links of varying marginal probabilities in this second stage

of the conceptual design.
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Of initial customergacing item SHOtheir preferredtem is temporarily not
on the shelf)a fraction of them are willing to substitute while the remaining
customers are not;Sub The customers willing to substitu®uh is a group
comprised oh-1 subsets, each subset representing a unique alternate item preference
at some proportioBub. Originally preferring product X, the customer in the first
branch of Figurd-14now prefersralwkiraltreeplt &@medsi t he
product as the customerdés alternate item.

substitute for the customeranch e cust omer i s an alternate c

For simplicity of presentation of this conceptual model, no further indices are
provided for this fraction of remaining customers who are willing to substitute. The
fraction of customers whose preferiggnis X as opposed to Z may not have the
same marginal probability of switching to item Syby. Likewise, the marginal
probabilities of a customer preferring to switch to item Y after facing three stockouts
as opposed to two stockouts may not be egoalhe various occurrencesSudly in
Figurel-14 are not necessarily of equal value. To properly differentiate between all
the possible permutations of customer preferenc&tienotation would need
subscripts. Instead of mapping out eveayh a customer may take, this figaims to

illustrate the complexity of the customer switching phenomenon.

Customer switching allows faaried outcomes, with each customer either
purchasing a product from theggpluct category or leaving the retailer without a
purchase if all alternate preferences are exhausted. These two possible general

outcome types are represented in Fidlifiel as shaded nodes, labeled for
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convenience aB for unitspurchasd andLSfor units oflost sales. For example, P1 is
the count of initial customers of item X who are abldital it in stock and leave the
retailer with a purchase with conditional probability ZD; * SLx. While P3 is also

an outcome where a product is purchased, itglitional probability is the product of
the marginal probabilities in its own tree paih/D; * (1-SLx) * Suby* (1-SLy) *

Suly * SLz. If the conceptual model in Figuid had a total of only two items in the
category, there would be 8 possible outcomigis different conditional probabilities

calculated in this manner.

The number of outcomes possible increases exponentially with increasing
product category sizenakingplanning for substitutiodifficult for both researchers
and practitionerso manage While there are 8 possible outcomes for a category with
only two items, there are 3,912 outcomes possible for a category with six items.
Alongsidescholars currently unable smalytically model dynamic switching
behavior, retailers too fadgecreased amplexity intheirinventory planning and
management activitiesVan et al.(2012)find that, for one distribution center, 84
items in their product category best provide increased sales by capturing demand
without being offset by the operational costs of managing a variety of products. A
high variety of products in retail stores isaliked to greater SHO occurren@eon
& Raman, 2010because of phantom produgtgems within the store but not
accessible to customefStoresmay want to capture different customer segments by
offering a variety of itemsad thus reaching a larger market size. Butimhae
complicated to usproduct variety to increase fill ratey offering alternate items

when initial customers face a SHO itehhis is because each item has one initial
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customer grouping and up mel alternate customer groups demanding the item.

Rajaram and Tang (2001) <call this aggregat
demand, 0 and say it is the sum of primary
item) and derived demand (alternate customershpsiog the item). As the number

of items increases, the derived demand may take up a greater portion of the total

demand for the focal item.

However, since the dynamic switching requires 3 conditions to take place,
modelng this type of substitution needsnplifying assumptions. Whildhere are
many different types of simplifgig assumptions tmodelthe stockoubased

substitution mechanisnthe following are used more often:

1 thatproduct demand is known or determinig&hin, Rark, Lee, & W.C., 2015)

1 singleperiod newsvendor modglkhouja, Mehrez, & Rabinowitz, 199&)here a
productdés inventory position is not carri
to another and items simply disappear (no inventory value) after the period ends,

9 equal costs and prices between items, that assortments are fixed with only two
items (Karakul & Chan, 2008pr that substitution can only occur in one direction

(Karakul & Chan, 2008)

According to the Shin et g[2015)taxonomy on substituin literature, which
classifies substitution models based on as
mechanism is an inventehyased stockoutbased) customeidriven (customer

switches to amlternate item when thweferredtem is stocked outfwo-way
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substitution studying retail stocking decisiomle tweway substitution can occur at
varying degrees without being symmetric between two items, and the inventory
position is carrieaver to the next cycle to be able to capture the effects of castom

switching on performance fill rates.

1.4.2 Antecedents and effects of the substitution phenomenon

For the product substitution risk pooling mechanism to be applicable,
customers must be willing to switch from onenitéo another. IEustomers are
willing to buy an alternate item when the initiaflyeferredtemis stocked out, then
the retailer is ableo manage store shelves for the varying individual streams of
demand foeach producas araggregate demandikewise, if the leadime of each
substitutable item varies, customer willingness to switch fronSH® itemto the
alternate item allows the retailer to stock for a pooled lead time variability. The
retailer may lower inventory investment overall while meeting customercservi
goals, or reach even higher customer service levels than the same inventory
investment for norsubstitutable item@McGillivray & Silver, 1978) In this way the
substitution pooling approach enables retailers to betterthreeepposing goals for

customer service and inventory investment.

It is not just the retailer who is affected $tipckoutbasedsubstitution.The
supply chain consists of a minimum of@es the consumer, the retailer and the
manufacturer or brand ownétachrole as well as thgupplychain overall may be

affected by customer switching in terms of a change in performance. The concept
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behind the classic performance measure of fill rate is illustratejime 1-15. The
fill rate for item X isP1/D1, andis P2/D2for item Y. This fundamental measure is
also known as item fill rate and corresponds to the target service level the retailer

expects to meet in stockimgch product

P1 = purchase of item X

D1 = demand for item X [
l > ® Lost sale
| D

P2 = purchase of item Y

D2 = demand foritemY I
| > (V)
Lost sale
| D

Figurel-15The classic view otem demand and sales in determiniiigates

Fill rate measurements, however, are not nearly as straightforward when
customer switching is involved. With customer switching, a portion of Figare
14 may purchaséem Y, and similarly demand from Dfayshift to item X when
item Y is stocked out. In the generalized case with more than two items, switching
behavior makes an even more significant difference in fill rate calculations. Indeed, if
the canditional probabilities explained in the general model are fill rates, a basic
guestion is where in thgeneraimodel(Figure1-14) the classic definition of fill rate

is accounted for
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For example, shaded node P1 is the purchase of item X by a custbmer w
initially prefers this item. This is ndhe producfill rate for X, because the retailer is
also able to sell X talternate customersFor this subset of category customers who
initially prefer X, P1 is the only outcome where their initial demanaheét.

Customers, who are aware of the high availability of their initially preferred product
X, could prefer to go to this retailer storefirst (since retailerand storesire also
substitutable as are the products they carry). Retailers, likewigeherguided by
knowing how much of the sales @fproducigoes to those customers initially
preferring it. They may adjust their stocking and replenishment of other items
accordingly. Finally, the fill rate at P1 may be a useful measure for the-ovamet;

who may opt to start or stop promotional or packaging efforts attempting to capture

new customers.

However, this P1 rate is not a measure that andwersital questions. First
of all, what is the customer fill rate, ahat percentage of customerdialy
preferring item X had their demand met by purchasing some item (initial or alternate)
from this retaile? Secondlywhat is the item fill rate, aof people looking to buy
item X (as an initial or alternate preference) what percentage of themhblerte a
buy it? While the first question follows a group of customers to find what proportion
of them leave the retailer with a purchase from their intended category, the second
guestion is more along the lines of the classic definition of (item) fill Tdtes
measure does not exist anywhere in the theoretical model of customer switching. In
practice, however, items are stedkusing this fill rate concept and traditional (static)

choice models.
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Stocking items according to this classic fill rate measarecount the same
individual customer multiple times, for different items. For exampl€&jgarel-14,
P7 is when customers who initially prefer item Y are able to purchase it. P2 and P5
are the outcomes for customers who initially prefer item X, buth@ase item Y after
facing one or two stockouts, respectively.
Y demandod (customers attempting to purchas
preference) the retailer has been able to meet, the customers from P2aaed P5
included to Aitem Y demand. o However, the
since this was their initial preferenaad faced item SHOHow about for a customer
who initially preferred producX but was also not able to buy item Y? P6 is an
outcome for customers initially preferring item X and facing two stockouts, but in this
outcome item F is purchased instead ofliY all of these examples, the customers
moving from one item to another in their preference rankings are considered unique

individual demand for every alternate itemwell as the preferred product.

Since the classic definition of fill rate is nowhere to be found in the conceptual
model of customer switching, for whom is the retailer setting the target service level
of a produc? When the goal is met, what does this mean? Where customer switching
is involved, the retailerdés fildl rates nee
prefer it, as well as those who face upstockouts. Customers could face multiple
stockouts,6 r exampl e, i f the cust oramked$esof i ni t i al
alternate preferences are all from the same brand, and that brand has yet to be
replenished at that retail site. In this sense, it is useful to also be able to discriminate

betweenva at proportions of demand for a suppli
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what proportion of that brand is being purchased by those who initially prefer it. The
classic notion of fill rate does not sufficiently describe this phenomenon nor help

clarifyt h e p h e n o maa ondaifieéest chaimmpembers.

Table1-6 lists the various performance fill rate measures which may be
considered in customer switching for a more expanded analysis of the impact of the
phenomenon on the supply chain. Category fill rates are included as a measure for the
retailer to gauge how ach of the total demand for a category it is able to meet,
regardless of item, brand, or customer subsets. Based on the theoretical model, if
there was absolutely no customer switching, these different measures would be
without distinction. The productlfirates would be no different than the customer or
brand fill rates, so that in aggregate, they would also be no different than category fill

rates.
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Fill rate numerator:

. Fill rate denominator:

Fill rate .

measure Conceptual model example Prior work

Units of sales Number of arriving customers
All sales of itemyegardless Thosewho initially prefer item + ItemX fil rate Military logistics
ltem of c]c ust omer TTosEaltfrr;e;]t'eI% prefeLtrgs itefmfter &% Oc 0Ou8 (Hauyk, 19964)
I ren | I ran I ren G 7 ~ L %
preference stockout of higher ranked preference O BV 6 E E O 8VeOE

Customer All purchases by customers

Customer Xill rate

(Zinn, Menzter,
(overall) with same initial item Thosewho initially prefer item o Oc 0o Ot Ou 08 & Croxton,
preference o 2002)
Customer X diredill rate Retail inventory
Customer Purchases by customefr I . 5 management
(Initial sameinitially pref. item Thosewho initially prefer item Op (Tan & Karabati,
pref.) 0o 2013)
Thoseinitially prefera productwithin B A | X&YA
Brand All samebrand item sales  same brand those alternately prefer rand A (ex. ltems X&)l rate Brand sales
I regar dl ess o productin same brand after stockout o ® Oc Ou Ox8 (Borin, Farris, &
(overall) initial pref. higher ranked preference in same or 5 0 Freeland, 1994)
other brands
Brand All samebrand item o Brand A (ex. Items X&Y) direftl rate Perishable
Initial purchases by customes Thosewhq |r_1|t|ally prefera product . . produc_ts
( sameinitial brandpref within same brand up  UX (Tang, Rajaram,
pref.) pret. 0O O & Ou, 2002)
Categoryfill rate c orlzwzrr?]gl:]:[lity
Catedor All purchases made of even The entire category demand [ (Baker
gory item in category (all customers regardless of preferenct  U¢ Vo UT LU Ve UvX8 .
o Magazine, &

Tablel1l-6 Performance fill rate measurtes theoretical model

Nuttle, 1986)
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1.4.3 Overview of current theory

The stream of research on stockbased substitution face empirical and
analytical hurdles. Empirically, stockehased customer switching decisions are not
observable, and analytically modelling customer reactions and store performance
effects requiresimplifying assumptions for tractabilifHonhon, Johnalagedda, &

Pan, 2012)The simplifying assumptions include eway substitutio(Honhon,

Johnalagedda, & Pan, 201Rnheven costs or profits ftine store depending on

whether the preferred or alternate item was purch@@#ldnd & Heese, 2013)r

singleperiod news vendor models, which assume either product perishability or fixed

cycle replenishment and no lead ti(gith & Agrawal, 200Q)Even without such

simplifications, classic inventory models assume financial measures, such as costs for

under or overstocking items in the newsvendor model, are known. Even if holding

costs weraotdwarfed by instore handling cogtSurseu, Woensel, Fransoo,

Donselaar, & Broekmeulen, 200%9)is newsvendor model assumption limits the
retailerds application of such research fi

sud costs and must rely on benchmarks or approximations.

Approximations ospecific data gatheringre necessary for empirical
research as well, since a substitute purchase is not observable even if simkiouts
be observedA measure of elasticit{fEisand, 2014)s used for substitution between
two goodghat can be studied empiricalby analyzing price, space, or other
attributes and estimating hamyone of these parameters is linked to diffeemnin

sales However, forthe stockoubased substitution mechanism, empirical work has
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shown that the number of facings, or the amount of spa@abtr productioes not
have significant i mpact on sal es-ofias | ong

st ocks) wa fDremeaHocht &Purk, 8994

Observing the stockout based substitution mechanism requires obseofatio
the shelf availability as well asistomer arrivaind preference rankingsentioned in
the general framework earliéro capture stockotlhased substitutiothe point at
which the customer discovered the stockout must be known and must occur before a
shelf replenishment takes place, which must also be krewshinformation ca be
known either in a field experiment or through surveys. By far the most often used
method of observing when a customer switches because of stockouts is to survey

customers aboutprior stockout experienc&inn & Liu, 2008)

The two closest empirical studiebserving availability as well as customer
arrival and buying preferencssll vary greatly from the context of a CPG store. A
guastexperiment by Anderson et §2006)gather datdrom real customers calling a
catalog sales company which experiences actual stockouts of items from time to time.
The focus of the study low a firm can mitigate loss ofverallsales(basket orders
involving more than one itenguring a stockoubf a focal item During an actual
stockoutthe authors have the catalog personnel offer to backord&ydiletem in
any one ofive different ways: inform the customer that the preferred item is stocked
out (control), explain that it is a stockout out dueatsupplier issuestocked out
because it is an extremely popular product, to offer a shipping discotmoffera

dollar discount on the backordered itein.this casehe stockout event and the
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customer 6s demand f or a.Hsweeer theefacusasswort i t em a
what happens to the overall customer order because of the stockout of a focal item.
Customers in the stwutdoyp agheo pmiindgd os @ rvel en
item is stocked out, then other items that are in their @decancelled at a higher

rate(10%)than when the focal item is in stockhe focal item is said to not be

substitutable sthe customerswitchingthat occurss presumed to be to another seller

of this product categoryhis studyis not likeself-service retail settings, but points to

the i mportance of t he cincstheoense highsrrateiofl | i ngne

losing the sale of an entire basket of goods due to the stockout of one item

The second studyctually observes both stamt andcustomer switching in a
vending machine setting. Anupindi et @998)gather data from 3 vending machines
in different locationsvhich carry the same 6 beverages in their assortriiémty are
able to observaproducb s st ockout in its entirety alon
items during the stockout. They assign substitution rates between products themselves
a priori and based on intuition and knowledge about the brands and product attributes
Customer arrigls are assumed to be Poisson with mean hourly observed values
which are then used to estimate how much demand may have switched over to
alternate itemsTheir research question is whether sales can beagsaduide for
demand levelsvhen products are batitutable andhey compare salée maximum
likelihood estimates, finding that sales estimates are biased with too high values for
products that are highly available andmoich customers would switch if faced with

stockout of another product.
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The isses facing substitution research build on those facing stockout
research. Stockout research faces fundamental issues of measurement and
standardization, and substitution research must account for those issues as well. On
top of this, substitution researdces lack of observability of customer preference
rankings(Honhon, Johnalagedda, & Pan, 2Q18% arrival sequence of different
customers to a product on the si{éflland & Heese, 2013pndwh et her an it emod
purchase was made by an initial or alternate cust¢naer & Karabati, 2013)
Current substitution theory faces other hurdles beyond the scope of this dissertation
For example, customers in this dissertaatneady have a preference ranking which
is asetlist of items the customer will buy, from the initially preferred product to any
and all alternate items. This preference ranking is a static list and does not account for
modified demand through-store spport effectBorin, Farris, & Freeland, 1994)
like discounts or promotion#n such a situation of demand reshgjig/nan &
Fouque, 2003an itemrankedasthd4 t em i n a customero6s prefe
become the second or even mprferred item. Just as customers make a dynamic
choice depending on the item availability, their choice list may also be dynamic

depending on changing item attributes (storereffo
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1.5 Logistics postponement

Whil e recent attention has been brought

postponement concept to match(Yange ext endi

Burns, & Backhouse, 2004, p. 488E literature is still lackig on the application of

this concept in theontext of product availabilityrobrick-andmortar shelveglafari,
Nyberg, & Hilletofth, 2016)Despite the fact that1% of surveyed US shoppers said

they prefer brickkndmortarstores over buying the same items on(i@&nley,

2016) the current research of postponement carried out by retailers is based on online
shopping Investigating how using logistics postponement withbriek-andmortar
storeaffects product availability and store performance adds to the knowledge on

postponement.

1.5.1Theory development anaiotexts

Although implemented by firms in the 1920&ng, Burns, & Backhouse,
2004)marketing literature fitsdescribed postponemethtree decades latas a way
of dealingwith demand uncertaintyAlderson(1950)stated that delaying activities on
the form, identity or inventory location of an item to as late a tispoasible would
lead to more efficiendistributiontasks Distributiontasks would become more
efficient if theyfocused on areas thaiostneededhem.To learn where marketing
tasks were most needgqubstponement theory was based on the implicit assumption

that during the time period whesupply aisks are delaydtie firm would receive or
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obtain more demand informatioNew informationabout currenunfulfilled customer

demandduring thisperiod of delayserves to reducdemand uncertaintyReduced

uncertainty through postponemetiows for better decisions avherein the supply

chain a product is differentiated whenit is deployedYang, Burns, & Backhouse,

2004) These delayedctivitiesar e made at a decoupling poin:
chain the customer order penetrates and that distinguishes forecast ardtioeter

act i (Yang Yarsy0& Wijngaard, 2007, p. 974his decoupling point is also

known as-puhé¢ Mdpwsar yo so (Gatarmna, 19098,p! | postp
80) means that the decoupling point is higher up irstigoly chain. Pull

postponement is synonymous withht i me p o s (Renoanne 202uhiclois

Al dersonds concept of deciding the time at

product or to deploy differentiated (final) product.

Business logistics theoBucklin, 1965t ook Ander sonés postpol
theory and combined it with the concept of speculatimimcorporate hedging or
buffering asadditionalway of dealing wih demanduncertainty This hedging
approach s t he ficonv er Backlinsatedapdwastdgvelapedme n t
earlier as a pooling method with fAspecul at
used the principle of grouping, as insurance, to tramsfancertainty] into the more
manageabl e form of a(Bucklih @365, v 27)Syecufatioe di ct ab |
|l eads to Aintermediate inventorieso which
more than offsetbg et savings i n postponeBukint, t o t he
1965, p. 31)In other wordsstack may be kept in antermediatespacaf holding or

owning the product costs less thahat is gained bphysically noving the product at
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a different pointoftmeBu c k dien@$ opment of Al dersonds po
emphasizes thabe titteh ol di ng fimer c keaparnventoryida | e man o
intermediateplace thatarries the risk of not being so{@8ucklin, 1965, p. 3Q)This

differs from temporarily storing an item while distributing it, as that temporary

storage carries no risk of sales loss, and it is also different from the classical view of
speculatonineonomi cs where items are purchased s
expectation of an impending change in the ruling market price as the sole motive of

a ct i(Kaldog 1939, p. 1)

Hedging against and reducidgmanduncertainty hrough postponement and
speculatior(P/S) has been studied in many different contealisdependingn the
state of the produglYang, Yang, & Wijngaard, 2007)f the product is in the stage of
research and design, the taxt is at the manufacturand suppliefevels under
productdevelopment postponemaettordering (of raw mateals or components)
postponemen(iSaghiri & Barnes, 2016)f the product issemifinished (workin-
progress) thethe focus is production postponement in the manufacturing and
assembly context, having to do with when to start production, when to complete it or
when to packagand distributehe produc{Boone, Craighead, & Hanna, 2007)
While packagindTse, et al., 20123nd distributingJishan & Yajun, 2011¢an
sometimes be in the context of warehoadded value, thegmstponemendecisions
have generally been studigdthemanufacturing contexall states of the product
before it is fully finished aréorm and identitypostponemenfAlderson, 195Q)also
classified aprocesdevel postponemerfZinn & Bowersox, 1988andarebeyond

the scope of this dissertatidndeed, earlier reviews @ostponemenmneasures have
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emphasi zed that these types of postponemen
of a supply chain (LdRa® tRageNathan &RagtNatad, r et ai |
2005, p. 633)
Logistics
Speculation Postponement
Decentralized Cenrralized inventories
inventories and direct distribution
Specul-
ation The full The logistics
' speculation postponement
Make to strategy strategy
Manufac- [Hventory
turing
"ot | manufacturing | Thefull
ostponementg postponement
Make 10 P strategy strategy
order

Figurel-16 Postponement and Speculation matrom (Pagh and Cooper, 1998)

Postponemerdndspeculation can take placeterms of manufacturing or
logistics, as in the P/S matrix by Pagh and Cooper (1998, pnZayurel-16. In
terms of logistics P/S, items may be quickly moded/nstreanto decentralized
locations at forecasted amoufgpeculation) othere may be a by of forward
movement untikfter customer orders have been rece{pestponement)The full
speculation strategyop-left cell) refers to speculative behavior in both
manufacturing and logistics, such as stocking CPG on store shehaemifddturing
postponement strategywhen the items are at decentralized locations (stores) but are
not in their final form. Examples asguvenir tshirt printing stores or custom

decoratectakes in bakeriesThe full postponement strategy is when goods are not in
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their final form until customers have placed the orders, and are stored at either

regi onal war ehouses wherethdy can bedurnedatotieir act ur er
final form after receiving customer ordefg example is personal computer

companies whereustomers purchase the products onlinetaadnanufacturesr

regional warehouslerings together subassemblies to meet the product specifications

of the purchased iterhast of all, the logistics postponement strategy refers

bringing items to their fial form before customer purchase and storing them at

centralized sites or at the manufacturer. Examples are having retail distribution

centers or manufacturers drship previously finishedtemsdirectly to customers

and bypassing stores.

Empirically, logisticsP/Sin retailhas been studied mainly in terms of online
retailing. According toBailey ard Rabinovichintegrating both postponement and
speculation in a dynamic manner is neither stud@dmplemented by most firms
(2005,p.163)For online retailers, however, they
P/S, where retailers will use both the full speculation and the logistics postponement
strategies for their items. Taking into consideration holding, ordering and drop
shipping costsBaily and Rabinovich develogn aralytical modelof total coss as a
function of product popularity and of firm market share. Their model proposes and
numerical analysis supports that as the popularity of items and firm markebsettare
increase, firmsvill be incentivized (by reduced costs) to both dsbyp items and
hold them in stock. Increased product popularity is linked to decreased demand
uncertainty, they argue, so retailers would lean towardsshimping to further

reduce uncertainty, insteadl hedging against the uncertainty of a popular product
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through speculative stock. The authors do pointoitat fAnéin traditional
environments, [€é] inventory replenishment
inventory location speculaticor postponera n (Bailey & Rabinovich, 2005, p.

161).

The currentview of logistics postponemeaictivitiesbeing implemented as
eitherfispeculation or postponemeiin brick-or-mortar environments is partially due
to the sparshteraturei n t he r et ai |l 66 nnhgixpogtpongrentc h i s a
theory developmer{lafari, Nyberg, & Hilletofth, 2016)afari et al. assettirough
case studies dhreeretailersthat postponement methods in tieéail context differ
from existing postponement studies because
oper af.i460pPsaogh and Cooper 6s P/ S-tastoekr i x (1998
items as either in aegentralized (logistics speculation) or centralized (logistics
postponement) location. The possibility of postponing the forward movement of some
consumer units of items onto store shelves while also speculatively stocking them in a
store location that fas the risk of not being sold has received little research
attention Retailer operations differ from other supply chain member operations since
their customers serve themselves to items on store shilviesnly do retailer
operations differ from other supply chain members, but existundjesof the
postponement construaecessaryor theory developmentvolve around antecedents
to or enablers of postponeméht, Rao, RagtNathan, & RageNathan, 2005)

instead of performance effects of this risk pooling methddasures
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Logistics

study]

finished goods.

Paper Postponement Speculation Postponement
Constructs from survey | Single measure
responses: construct: percent
Time Postponement of units
Rabinovich and (Likert scale of h0\_/v _manufactured to
Evers (2003) frequently trqnsshlpment inventory
[empirical: occurs at 3 different
archival daia] product stages)
Form Postponement
(Likert scale of degree off
customization of
products)
Jafar,Nyberg &
Hilletofth (2016) .
[qualitative; '_I'|_rr_1e postponem_ent Inver_ltory
multiple case activities were considere centrallzgtlon,
only in terms of non reshoring

manufacturing

Li et al. (2005)
[empirical; factor
analysis for
various SCM
constructs]

Form Postponement:
products designed for
modular assembly,
products assembled only
after customer order
received

Unfinished goods:
modular process
can be rearrangec
so final product
assembly is at
distribution center
(DC), (final
assembly delayed
until last possible
position in SC,
closest to
customers.
Finished goods:
goods stored at
distribution points
close to customer

Tablel-7 Postponement and speculation studies irrebaal context
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This overviewof postponemenheasuresoversonly thetime and place
postponement dfnished goodsor logistics postponeme(itang, Burns, &
Backhouse, 2004Dnly finished goodselated postponement metls are considered
since the retail store by definitidanctions as a location fdinished goodsnade
available to customef§Vagner, Ettenson, & Parrish, 1989, p..6@)useful overview
of postponement for unfinished goods are in the proceedings of Zhang and Tan

(2001)with construct overviews in Li et g2005)

Logistics postponement measuresinished goods encompass a limited area
of postponement literatures listed in Tablé-7. Rabinovich and Evers (2003) find
time postponement positively linked to form postponemehtle form postponement
is negatively related to speculation. Time andrfgostponement along with
information systemaremore negatively linked to speculatialafer et al. (2016) find
that among SC members logistics postponensemiost widely used in retail.

Retailers in the case study increasingly link postponementdibifiy . Finally, Li et
al. (2005) develop and validate a measurement instrument for various supply chain
practices including postponemeiihey consider 5 different postponement measures
and thdfinal insgrument for postponement remoy@®ecess reordergnof unfinished
goodsand final goods stored at distribution points close to the customer. This latter
measure has low factor loading and isdhéy logistics postponement meastumehe
study. Their final postponememteasures in their study involve foponstponement

or place postponement for unfinished goods.
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1.5.20verview of current theory

Logistics postponement, comprised of when to move forward and where to
storefinished goods$nventory, does not currently have an accepted measure in the
literaturel ndeed, e v e rspiemumgreus gudiaslion different aspects of
postponement theories and applications, limited measured variables have been
developed to assess postpore n (Saghiri S. , 2011, p. 6428 ot only is there a
call for developing measures of postponeme
post pone me ratother portians & the seEply chdBoone, Craighead, &
Hanna, 2007%uch as at the downstream efail level,is emphasizeds future work

in postponement literature.

In retail, inventory risk pooling is generally concerned with shelf space
(Hubner & Kuhn, 2012and the backroom, which is an alternstisragdocationtha
is not accessible to customers. Since each replenishment order represents an equal
chance for a delivery deldBowersox & Closs, 1996holding stock in the backroom
reduces the uncertainty to within the store, an arearwithi he st or e manager 0
Having inventory of a product within the store and successfully using backroom
inventory to replenish shelf space is called the dtorelfill rate effect(Waller,

Heintz Tangari, & Williams, 2008

A st or e 6 ¢shabed spc&am seme as a tool in both stocking and
distribution tactics to store safety stock and possibly even some cycle stock in a

speculative manngBucklin, 1965) By minimizing the shié capacity ofeach
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product the retailer can provide a greater depth of assortment within the constrained
product category shelf space. Backroom
customer accessible designated shelf space whethevproducheeds

replenishment. While the stelevelfill rateeffect is concerned with lead time
uncertainty, the use of postponemantl speculatiodeals with demand uncertainty
within shelf space constraints. Conflicting results on whether backroom use improves
(Milicevic & Grubor, 2015)or hurts(Eroglu, Williams, & Waller, 2013)irm

performance may also rest with product attributes driving demand variability in
addition to the backroom effe@tvaller, Heintz Tangari, & Williams, 2008y the

st or e 6 sprapdrly repienish the shelves.

1.6 Research deficit and questions

Research deficits concerning retail shelf availability

Detection of SHQ when does it occur
Stockout measurement
o0 Actual observation of event (duration, frequency)
o Use of more than one stockout attribute in an estimation
0 Any relatilmship between SHO attributes
1 Bringing supply and demand drivers of SHO together
ol solating customer switching
0 Accounting for sales as a demand driver to stockouts
1 Stockout terminology
o Differentiating between shelf, store, amgblenishment stockouts
1 Role of postponement within instore logistics

= =4

Table1-8 Current gaps in retail shedvailability research
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This sectiorsummarizes anldighlights the gaps in retail shelf availability work

(Table1-8) and the product availability questions by chapter (Tai8le

Retail shelf stockoutéSHO) are an integral part of substitution and
postponement riskooling mechanisms and, as listed in Tabi limit their theory
development because of measurement isfegsilers fearing that SHO occurrence
mean lost sales, may carry alternate iterabgstution) or more consumer units of an
item in their store than their shelf capacity can hold (postponement). However,
neither researchers nor retailers have full information on 8etfdrrenceso risk
pooling methods are usually linked to a singleO attributeinsteadof the event
itself. Most of the time only on8HOattribute can be used to study either the
antecedent or performance effects of SHO. The relationship be&t#@rattributes
is not clearThe lack of clarity complicates efforts to det@mmif the risk pooling

methodamitigate lost sales from SHO or decrease SHO occurrence.

This dissertation attempts to circumvent SHO measurement issues in order to
explore the research questions listed in Take Chapter 2 finds a way to get around
the measurement problem by recreating a store environment where SHO events
organically occur within a discrete agdrased simulation prograr@hapters 3 and 4
use initial dataapturedrom a shelf liner technology which allows the researcher to
have information on exactly when and for how long a shelf space is dmitis
way, SHO events are neither an experimental factor imposed by researchers nor an

estimated occurrence using lizat sales figures.
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Once there is no need to assume or approximate if and when a SHO event
occurs, it is possible to evaluate if and when the risk pooling methods benefit the
firm, as intended. In Chapter et number of initial and alternate customargibg
an item is thus measurable so substitution
investment and customer service can be further stutires also allows for a
comparison of different fill rate measures, and the size of the effect of sudstdnt
the relationship between inventory investment and customer service. In Chapters 3
and 4 item-level SHOInformationexpands retail shelf availability knowledge by
linking SHO antecedents performance effecia a single model and using multiple
SHO attri butes. The retailerés unique relat
two different inventories (store shelves and backroomnjributes to logistics
postponement theomys being a valid tool to apply within a store. It also opens a new
avenueof research to further explore antecedents and effects of instore logistics

postponement.
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Ch. Research Questions Attribute

Inventory
investment

Operational Customer
efficiency service

How do customers switching
5 from one item to another Availabilit
because of stockouts affect th y
) ~ (Breadth)
retail storeod:

levels?

Can a simple heuristic about tr
inventory effect serve as a
reasonable rule of thumb for
stocking decisions of
substitutable products?

Availability
(Breadth)

Duration,
Breadth,
Frequency

3 Does logistics postponement
exist within a firm?

Does instore logistics Duration,
postponement improve produc Breadth,
availability? Frequency

How does product availability ir
4  terms of bottstockout duration Duration
and frequency affect sales of th Frequency
item?

How are the stockout attribute:
of duration and frequency relate
to one another?

I

Duration
Frequency

Table1l-9 Research questions by chapter
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1.7 Research framework and design

Simulation dat

Archival data

Figurel-17 Thesis structure

1 Alntroduction

a

ATheoretical foundation of thesis

2

AStockoutbased substitution
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ATime postponement and speculation
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Figurel-18 Thesis structure under Mou et al. (2018) framework
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Figuresl-17 and1-18 outline the structure of this dissertation onshrelf
availability (OSA).This chapter introduced retail shelf availability and the challenges
unique to this supply chain membeheTlcurrent status of substitution and
postponement research as well as streams intersectimggbach theme (OSA)
were presentediigurel-17 shows thasecondary (archivatjata is used in Chapters

3 and 4while Chapter 2 is modelledith discrete agent simulation

According to Mou et al (2018), all reseammhstore operationsanbe
identifiedwithin a framework along dimensions: entities, decisions, performance,
and research themeRhese research themasdacomponents are listed in Figudre
18. When customers substitute, as in Chapter 2, the entities involved are customers
and products. While case pack siza ggroduct attribute, SHO ducat and frequency
are attributes involved in shelf replenishmertijelt means both product and
employees (Mou, Robb, DeHoratius, 2018, p. 402) are the entities studied in Chapter
3. While Chapter 4 also uses SHO attributes, it considers them only as antecedents to

firm performance instead of as a result of employee sffort

The retailer decisions studied in this dissertaipoompasses 3 of the 7
decisions in the Mou et al. (2018) frameworksiore logistics, inventory
management, as well as assortment and disphagtore logistics researdtself
consists of 3 areaghe use of backroom storage, shelf replenishment, and rew in
store logistics operations in orachannel retailing. Chapters 3 and 4 touch upon both
backroom storage and shelf replenishment. Chapter 3 also includes decisions on

assortment and displaysie s hel f space all ostameti on fii
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|l ogi sticso ( Mou, Robb, DeHoratius, 2018, p
size on replenishment efficiency. Chapter 2 involves thetfirsof the following
five inventory management aredasst sales, inventorgependent demand, inventory

record inaccuracy, joint inventory and pricing, and ordering behavior.

The retai |l eisaéssesspdewth doferamaasures in this
dissertation. In Chapter 2, the foca®n the service perspive in terms of fill rates
or the number of units purchased as a proportion of the number of units dentanded
Chapter 3, the performance measure is with a service perspective as it uses two
different ways of measuring OSA, SHO duration and SHO fregyuém Chapter,
the performance measyexpressed in units sold, cha categorized as a financial
measure, since it HdAprniemarmplryo vreemeantte so t oR ebgoa
performance masure, all chapters focus on timenmediate or shoiterm efects of

SHO.

The dissertati on 6 saimttoraddoesserioi condlittingc ont r i bu
findings on both supply and demand drivers
recognizing risk poolingnethods withirthe retail level as unique to pooling
anywhere else in the supply chaiFhefirst portion of the dissertation, where demand
that would otherwise be lost is pooled to available items, uses a discrete agent
simulation to tracklynamicstockoutbaseddemand choices whianay be
observable to highaevel supply chain membefacing product unavailability, but
not to retailers. It contributes to the understanding of when pooling through

substitution improves fill rates and when it does not. The second portion of the
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dissertation suggests a differemé¢chanism for pooling through postponement within
a retail store as compared to upper stream members. A thediraticalvork on tis
mechanisms presented to explain unexpected empirical outcomes and opens the

avenue for further hypothesis development and testing.

The dissertation also contributes to retail practice in terms of inventory
deployment and managemewthen setting service level$ ilems, to what degree
does the substitutability between products matter? What issues or opportunities do the
different fill rate measures mask or accentuate? When choosing how much shelf
space to dedicate to an item, to what degree does the case paukisezitem
matter? What issues or opportunities do the various SHO measures mask or

accentuate?

Along with these contributionsé final chapter also addresses limitations of
each study and of the dissertation overall. From not being able to brintypeshof
pooling (postponement and substitution) into a single model, to notchié®m data
on entire stores or product categories, a discussion of limitations highdmgdible

future research and other measures for concepts tested here.
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Chapter 2 How does sbckout-based switching affect performance
fill rates?

This chapter of the dissertation assumes the retailer has full operational
efficiency in terms of shelf replenishment including knowledge of the size of initial
demand for each product. There is nstidction between shared (backroom) space
and dedicated (shelf) space. Everything the store haamah is available to the
customer, either because there is no backroom or there is instantaneous replenishment
of shelves (with no capacity constraint) frdine backroom. This may appear
unrealistic in terms of store operatiénthough it is a reasonable portrayal of upper
stream me mb & bubisnecessaryetamrentoveyany confounding effects of
inefficient replenishment so that the customer switchingiphene nonés ef f ect s
opposing goals of high customer service and low inventory investment is captured.

The research contribution is twold; (1) reconciling contradictory findings on
whether and when substitution improves retailer performance widdolitional
inventory investment, and (2) presenting a more nuanced view of performance fill
rate by comparing the impact of customer willingness to switch and target fill rates

(inventory investment) on different measures of customer service.

2.1 Introduction

Stores hope that customers who discover their favorite mint toothpaste is
stocked out will still make a toothpaste purchase by switching to a comparable

available item. An assortment of items within a product category are on store shelves
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to attract varias customer segments (Rong, et al., 2015). In terms of stockouts,

alternate available items may be the same product (mint toothpaste) in a different size

or packaging, or an item with a completely different brand or type (different flavored
toothpaste, omint toothpaste with whitening) than the stocked item. Customers

face stockouts at store shelvebdlf stockouter SHO about 5 to 12 percent of the

time (Gruen, Corsten, and Bharadwaj, 2002), and respond to SHO by delaying

purchasing, leaving, omstching to another product (Zinn and Liu, 2001). Although

customers may substitute one item for another because of price or physical attributes,
customer switching this study refers to stockebaised substitution where the

customer has a ranked ordépeoeferred productéHonhon & Seshadri, 201@nd

automatically switches from one item to another until reaching the highest ranked

item that is available on the store shelf.
products available in stock atthemme of t hei r (HonhanjGaur,t& o t he st c
Seshadri, 201Gheir purchase depends on instantaneous inventory levels and is

called inventorybased dynamic choice.

Some retailers attempt to make use of the customertsngt phenomenon as
an opportunity to control d e nitiml lemu ncer t ai n
with alreadystocked substitutable itemaliernate itempswithout having to increase
inventory investment. Risk pooling theory suggests that storescan t r o | each it
risk of lost sales due to stockout by considering all items in the product category as a
single source of uncertainty with less variability than observed with each item
individually. In this way risk pooling allows stores to captureess demand for an

item (when order cycl e -Haedwwenwry)eithe)xcessls t hat
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inventory of other items (when order cycle inventory exceeds demand during that
period). Indeed, McGillivray and Silver (1978) found that customer swigchi

decreases two types of firm costs: stockout costs (because of fewer customer sales
lost) and holding costs (because of lower levels of safety stock carried for each item).
Risk pooling results in higher fill ratdsa greater proportion of arriving custers

leaving the store with a purch@savithout higher inventory cost or in reaching the

same level of performance with lower inventory investment. Making use of the risk
pooling effect of customer switching enable stores to better meet the two opposing

gods of high customer service and low inventory investment.

However, instead of improving retail performance, customer switching has
sometimes been linked to negative outcomes. Yang and Schrage (2009) built on
previous research twmomal yn, @ hand efr onuid nlvemnh
substitution, where only a portion of customers are willing to switch to an alternate
item when their preferred item is SHO, as well as full substitution increase inventory
under certain conditions (such as short lead tiamesfrequent replenishment).
Considering the occurrence of a SHO as a network disruption like natural disasters,
Wu et al. (2013) found substitution decreases product and retailer market share,
whereas other studies find decreasing manufacturer marketastno significant
effect on store market shgiiRosales, Whipple, & Blackhurst, 2018%tudies on
designing products for substitutability show that using product variety to capture
market segments is more profitable thastomer switching unless items are
basically fully substitutabléRong, Chen, & Shen, 2018)pther studies show that

increasing substitutability decreases profits (Hsieh, 2011), and leads to increasingly
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worse performance, orfas p-d o wh e Cobperc HomerdeMello, &

Kleywegt, 2006)when the retailer adjusts its model of demand according to data that

is constrained to saleBemandestimates have been shown to be extremely biased

with substitutable productéAnupindi, Dada, & Gupta, 1998)nd overestimate

demand for items that arendét SHO often and
observablerealize demand i s t h e(Rdjamm & €ang, 20018ndisl e ma nd o
the combination of customers who originally preferred an iiaitia] customer} as

well as those who switched to it as a substitatie(nate customejsVarious

attempts to find unconstrained demdnabow many customers would buy an item if

the item had limitless supglyis reviewed by Guo et al. (2012).

Contradictory findings about the effects of customer switching may be based
on two differing views on consumegsearch which influence research method
choice. There are five methods in consumer research: analytical modeling, empirical
and statistical modeling, systems dynamics modeling, consumer behavior
experiments, and agebhaised modeling (Rand and Rush, 2q111,83). Rand and
Rush (2011) recommend mixed methods where dggsed models (ABM)
complement one of the other four methods since it allows for both views of consumer
research to be considered i-gained si ngle stud
r e s ol with a lmottomdp view of consumer research. It posits that a phenomenon
can be parsimoniously explained in terms of its smallest components and may include
interactions between those components so that an overall structure emerges from the
process itselfOdell, 2002) While consumer experiments have a similar perspective

of i ndividual consumer behavior forming fde
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to be more realistic and can complement this method in terms of scaliag up t
populations larger than the experimental group and analyzing interaction effects
(Rand & Rust, 2011)Both ABM and consumer experiments have knowledge of
initial and alternate customers, either by pagterimental survey aimulation

design and thus enable a deeper more granular view of consumer behavior at the

individual level.

The other view on consumer research is the basis for the remaining three types
of research models. In this talmwn view the phenomenon involves a system too
complex to reduce into its smallest components, so that overall attributes are studied
at the aggegate level. In analytic modelling this may take form as assuming a joint
demand distribution for the substitutable products or assuming the switching rate a
priori instead of modelling customer behavior to reach final sales outcomes. With
empirical resezh, after assuming a functional form of the customer demand the
substitutability between two products may be estimated as correlation coefficients.
Based on observation of extant data (effective demand) such methods assume
homogenous customers, imposingjirggle switching rate representative of all
customers. In other words, the aggregate attributes of the system capture an average
customer 6s behavior. Last of all, systems
different levels of correlated demand, geating a range of possible sales or SHO
outcomes due to different degrees of substitutability or over time. Referred here as
only systems dynamics, this umbrella method includes discrete event simulation
where the processes under study are already kno@ivlante Carlo simulation

where the distribution is known or assumed for a sensitivity analysis. While all of
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these methods increase knowledge of the relationship between substitutability and
firm outcomes, they do not provide information about the procesa n fiex pl anati o
why and how the observed variables correl a

2013, p. 12).

Using ABM as a complement specifically
|l ayer of realidmwvelsitmgegofiii edandRudti@@&lh)avi or o
which affect the retailer more so than other supply chain members. For example,
anal yti cal model s assume substitution requ
one product and surplus of ano@7’hler product
other words, alternate customers purchase an item only after all of the initial
customers have already purchased the item during the inventory cycle. While a
reasonable assumption for catalog retailers (Anderson, et al., 2006) or manufacturers
(Li et al., 2006) who may suggest customers buy an alternate item in place of a SHO
item or who may automatically impose the switch themselves, in theeselte
environment of a store the reality is that both initial and alternate customers arrive to
the skelf space of an item in random sequence. According to Gilland and Heese
(2013, p. 886), Athe sequence of customer
customers, 0 since an item may be stocked o
customers bugg the item before arrival of some of the expected initial customers
during that time period. Although this random customer arrival sequence may exist
with upper supply chain members as well, they are aware of prior period effective

demand breakdown andre better prepare for random arrival sequence.
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Additionally, compared to inventory fur
product category consists of a larger quantity of different suppliers providing
substitutable items. Even when a store replenisbesgatk from a retail distribution
center, it is less likely that it will order and receive every item in a product category at
once as analytical models generally assume with joint replenistiFesgrgruen &
Zheng, 1992)Sinultaneously replenishing all of the shelves in a product category
would decrease the duration of time that one item is in stock while another is SHO,
making customer switching less likely to occur. In reality, not only do customers
arrive to store shelvas random sequence but items also arrive (shelf replenishment)
at different points in time. Indeed, it is this interaction of demand (customer arrival)
and supply (shelf inventory) factors which sets the environment for customer
switching. The substitutiomatrix of analytic models may have switching rates that
ignore any interaction effects of random product and customer arrival. Especially
considering a retailerds product category
incorporate alternate demand in igdaulations (Hubner and Kuhn, 2012), the

assumptions in analytical models may poorly reflect store practices.

Most customer switching studies use analytic, empirical, or systems dynamics
modeling methods. While some use consumer experiments to studyeusto
switching, these studies normally focus on the antecedents of the phenomenon (Zinn
and Liu, 2001) with few studies on the impact of customer switching on the firm,
beyond finding an increased frequency of SHO occurrence (van Woensel et al.,
2007). Somestudies using analytic models either provide numerical examples

showing when order quantities would increéSerchak & Mossman, 1992yith
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increased substitution or how much profit could increase when considering customer

order arrival and switching (Gilland and Heese, 2013), or which heuristic provides the
closest values to the analytical model 6s o
analytic work can include a Monte Carlo (Yang and Schrage, 2009) or systems

dynamics (MGillivray and Silver, 1978) simulation to explore when partial or full

substitution leads to increased profits. In such analytic works where substitution may

increase or decrease inventory (such as order size in Rajaram and Tang, 2001) or may

not necessdy increase profits (Khouja, et al., 1996; Hsieh, 2011) the results depend

largely on the relative values of underage and overage costs. Stheadimventory

restarts at the beginning of every inventory cycle in these newsvendor models (Smith

and Agraval, 2000), the financial penalty of holding too much or too little stock at

the end of a period often drives the study
switching helps or hurts the firm. Instead of assumed amounts of underage and

overage costs, empiricalork on customer switching struggles with measuring when

an item is SHO, which is necessary to split effective demand into initial and alternate
purchases. Since drand inventory is usually unknown, sales patterns help

researchers identify when SHO magwk taken place (Campo et al., 2008), so that

empirical studies mainly focus on the antecedents to customer switching, instead of

its impact on sales. Anupindi et al. (1998) are able to capture SHO events, assume a
substitutability matrix for the items their product category, and find that using sales

as a way to determine the amount of initial demand leads to biased estimates.

A limited number of studies use only ABM to study customer switching. The

most recent (Rosales et al., 2018) explores how matket share a focal retail store
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and a manufacturer are able to capture given different distribution channels (direct

store delivery or through a retail distribution center) and customer loyalty (high

l oyalty for the manuf aw Theiresperimentabdesgn d ver su
assumes low loyalty customers overall drop their likelihood of initially preferring the

focal item at a greater rate than high loyalty customers, when faced with a SHO. They
find Aregardl ess of ddmr amhadmelal $tyr atnad yo& malr
lost sales are even higher for low brdaglal products using traditional distribution

under repeated OOS [ SHO] conditionsodo (Rosa
switching from repeated SHO of focal item hurts fonanufacturer performance, the

focal store has no significant change in market share despite its competitor store

having been designed to have no SHO occurrence. Wu et al. (2013) also have a

similar ABM design but SHO duration of items and initial madtedre of each item

and of each store varies, with customers reacting to SHO in different ways (leave

store, switch to alternate item, switch stores, and delay purchase) in initial proportions
according to prior empirical research and product type. Theltliat the proportion

of customers willing to switch between items or to delay purchase affect a loss of

market share of the SHO item at a greater rate than other customer behaviors, and that

the market share loss is greater with longer SHO duration®astbfes with larger

initial market share.

Studies that combine the ABM framework with other research methods focus
on substitution or inventory management with SHOs but do not usually study
customer switching. Heppenstall et al. develop an ABM thatages the competition

between gasoline stations by considering customers who substitute because of price
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and are able to Areplicate spati al pricing
complicated real dat aét o succeablsdvaral vy pred
longt er m period of ten yearso (2013, p. 678)
compared ABM outcomes with patterns in extant data sets to get an enhanced

understanding of the impact of pricing decisions on customers switching gas stations.
Signorile (2002) find increased sales, as compared to the economic order quantity
model, |l inked to modelling a storeds 1inven
the following 5 types of people who determine how many consumer units of an item

are spplied to stores: forecasting agents, inventory control, replenishment,

department, and management agents. Their focus is on inventory control methods

given sales will be lost due to stockout and not the customer switching mechanism

itself. Regardless, ABMllows researchers to replicate the individual decisions that
affect an itembébs supply and compare it wit
words, ABM is not merely a numerical analysis for testing an analytical model but

uses a different theoretical wehan the analytic model to approach the same
phenomenon or firm decision being studied.
rethinking the problem in a computational framework instead of a mathematical

f r a me {Rand kK013p. 383)

This study uses both theoretical frameworks using the methods of ABM along
with a customer switching heuristic (FRH) to gain a better understanding of when and
why a retailerbds attempt at taking advant a
off. The FRH provides a theory of what proportion of customers will be able to

purchase which item, using traditional probabilistic views on the average consumer
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and average inventory availability. The ABM recreates the retail environment from
the bottomup, allowing for individual customers with different initial preferences
and willingness to substitute to arrive at random sequence. The customers each
individually face different levels of inventory on store shelves depending on the
purchases of other stomers before them and the relative occurrence of shelf

replenishment. The framework under the heuristic method views the customer

switching environment as so complex that it needs to be measured by mean attributes

of expected sales and SHO events whigtaverage customer may face. The ABM

framework says the system can be broken down simply into the basic components of

different types of customers and shelf availability levels to capture the actual
customer switching environment. Comparing the theoletadas and SHO outcomes
from the FRH to the actual outcomes from a simulation of the ABM brings
individuaklevel theory to the discussion on risk pooling through stockased

substitution.

This study has three main contributions. While the researchiguesnters
around how stockotltased substitution impacts fill rates, the use of both research
frameworks allows for an understanding of when a heuristic rule of thumb is
satisfactory and how and when it does not sufficiently explain the effects of the
customer switching process. The study
stocking and controlling the performance of its inventory management can be
mi saligned and suggests how to better

effect. Last ofall, this study builds on the dual framework findings to study the
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central question of how the supply and demand drivers of customer switching have

different effects on various measures of fill rate.

A literature review in the next section focuses on kgnwamic demand lays
the foundation for the individudével theory used in ABM, and on how limited
|l iterature is on customer switchingdbds | mpa
sections on the theoretical framework of customer switching, inclutiscgission on
how the ABM framework differs from the FRH, and on research design. The
statistical analysis and discussion of results is in two parts: in reconciling
contradictory findings stemming from the different views on customer switching
outcomes, ahin studying the impact of the phenomenon on different fill rate
measures. Last of all, the conclusion presents managerial implications, study

limitations and opportunities for future study.

2.2 Literature review

1.1.1 Dynamic demand in substitution studies

Theory development on customer switching has mirrored theory development
about consumer demand in general. General models on consumer demand were static,
where consumers could be grouped into different classes which defined their
spending behavior for a givemvironment. In the early 1980s, several studies
showed Athe continuing | ack of accord betw
empirical static demand f ufAadersoo&s esti mat e
Blundell, 1984) Consumers were increasing or decreasing expenditure depending on
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their spending activity during the prior year. This observed temporal quality of
demand opened up avenues of theory on consumers shifting from their prior
preferences relative to prior minases and depending on the point in time that they
were making their purchasing decision instead of depending on any -faselg
factors. In terms of modeling substitution, dynamic demand leads to the notion that
customers may switch from one producatwther at a point in time with different
rates or for different reasons instead of a single static switching rate (elasticity or
substitutability) between two products for all consumers. In other words, there is
value in looking at the disaggregate tiveesed purchase behavior instead of just

averaging customer behavior over time.

Dynamic demand and the need to consider customer behavior finds its basis in
an analytical work by Smith and Agrawal (2000). In it they posit that customers can
exhibit three dferent types of substitution behavior: random, adjacent, andteme
substitution. They state that the random substitution matrix is analogous to the logit
model, because customers have a probability of substituting from one product to the
otherinthes ame proportion as each productdés ori (
introduce to this static demand model Aad,]
customers have a ranked preference among products and will only switch to products
that are adjacent or one swifferent in price or quality. This is a dynamic model.
Last of all, in onatem substitution customers all prefer the same item as their
substitute when their original preference is stocked out. This is an invdratsey
dynamic model. By calculating giit levels using these 3 models, the researchers

establish that assortment choices in retail inventory management must consider the
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pattern of customer behavior before trying to optimize assortment size. This is
because the profit obtained at differeels of product variety depend on how the
customer behaves when faced with stockout and choice set options. In their study
Smith and Agrawal (2000) find a greater increase in profits with substitution for the
oneitem and the adjacent substitution behatan the random model. They call for

empirical work in retail research that studies substitution behavior in greater detalil.

One-way substitution, p. 282 Quttree, p. 285

One-dimensional locational choice, p. 284 Intree, p. 285

Figure 21 Different types of customer behav{dtonhon et al., 2012)

The most recent analytic work building on Smith argtadval (2000) is
Honhon et al.(2012)which develop methods for efficiently finding optimal
assortments in four choice models (Figw®)2oneway substitution, where
customers switch only (up) down to a (higher) lower quality or priced item;
locationalchoice, where customers switch horizontally to items varying slightly by a
single trait; outtree models, where customers all have the same first preference but
differ in alternate preferences; and intree models. Intree models are similar to Smith

and Agraval (2000) where customers have different first preferences but the final
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substitute item they all prefer is the same, while the locational choice model parallels

the adjacent substitution model. The authors also consider costs (holding, goodwill,

stockouj and wish to maximize profit, supporting the Smith and Agrawal finding that

a retailerds assortment does not have to i
a less profitable product which is a preferred substitute by all customers. Honhon et al

(2000) contribute to the dynamic demand literature by approximating the optimal

solution for the four models listed.

Model Description Example (Honhon et al, 2012)
Oneway Substituting between vertically Steelbeams of different
substitution differentiated products strengths
One

dimensional Substituting between horizontall

locational  differentiated products. A different flavored yogurt.

choice
Nested preference of vertically versions C.)f alipurpose cleaner:
Outtree . ; antibacterial, heavyluty, grease
differentiated products . -
cutting, deodorizing, etc.
Intree Nested preference of horizontal Pet food for different age and

type of pet: indoor vs. outdoor,

differentiated products
etc.

Table2-1 Current analytical demand models (Honhon et al., 20

Examples of the four models are provided by Honhon et al (2012) and are
listed in Table 21. In the intree model, if cat food for a senior cat with hairball and
urinal tract issues is stocked out, a customer may switch to a more general type of

food untilreaching the final choice of cat food for any type of cat. On the other hand,

124



outtree models describe customer behavior when a general product such-as an all

purpose cleaner is stocked out. Then some customers may opt for antibacterial

cleaners whereashwrs may choose a deodorizing version. With all of these models
substitution occurs in one direction only and a restriction of customer types is

required because there are otherwise too many combinations of customer movement

to figure out which products tthoose for a product category to have the highest
profits. I nstead of the best solution, a i
approximations (heuristics) and other approaches (Honhon et al., 2012, p. 280). This

stream of research following Smith and Agmal (2000) maintains that considering

customer behavior allows for different solutions to assortment problems than

traditional analytical models.

Also considering costs and profit, Gilland and Heese (2013) study consumer
behavior in terms of the randontiaal sequence of heterogeneous customers. They
develop an analytical model with numerical examples showing that taking arrival
sequence into account when making stocking
the greatest financial gain overall. Compat@the optimal policy, stocking products
without considering profitability, substitution, or sequence of customer arrivals
results in a 4.9% loss in profit. Their study assumes that item purchases by initial
customers are always more profitable than pasel by alternate customers, and that
there is a shelf space constraint. They state that they are the first to consider the

sequence of order arrivals and that simply considering stotlematd substitution in
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a static manner with substitutionratesganere d f r om past sal es outc

underestimate actual substitutionso (2013,
The implications of inventorpased dynamic demand from the Smith and

Agrawal (2000) and Gilland and Heese (2013) studies are that a cusiaseerview

is more tlan a research methodology, but an opportunity to consider demand

characteristics that are ignored or lost in traditional static views. Indeed, the concept

of random arrival sequence as a demand driver has already improved models on

warehouserder picking(Diaz, 2016) and certain types of shrinkdgbou &

Piramuthu, 2015) The dynamic demand paradigm takes

consumer choice models, such as the locational choice model or multinomial logit

model , 0 etlaH p.280).dtmoes not require a substitution matrix or the

assumption of independence from irrelevant alternatives (l1A). IIA assumes

customers facing a SHO will switch to alternate items in numbers proportional to

each alter nat eetshdre Nedtad models which avoidriiAa maly still

provide fiunreasonabl edo results according t

find elasticities (price and product attributes) in a dynamic demand model varies

greatly from traditional static models. Thegnclude the biased elasticities in static

models result from considering an average individual customer instead of a set of

customers whose composition changes over time.

A changing composition of customers over time requires dynamic instead of
static istomer demand modelling. While the Gowrisankaran and Rysman (2012)
study centers around substitution types outside of stodlased substitution, it has

implications for the customeawitching environment because of splitting and
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combining demand strearfr items. The composition of customers demanding an
available item certainly changes during the inventory cycle as soon as alternate items
SHO and their customers switch to the available item. Iltems with overlapping lead
time intervals (where ehand inentory is low but there is a replenishment order on

its way) may have overlapping demand streams. Especially if the lead time periods do
not overlap, then the demand for the SHO item may switch over to an item that is not
in its lead time period. Its invérry would now have to serve both initial and

alternate customers and the additional demand may result in the item SHO earlier
than expected, serving fewer initial customers than without switching. In periodic
review inventory systems especially, the iteonld stay SHO longer than planned.

The switching that resulted from a SHO would be driving a SHO of an alternate item.
With changing composition of customers over time, the fill rate can become

complicated to measure.

1.1.2Fill rate as a performance measure

On-hand
inventory studyfocus
available not available | Item
buy buy switchto 1
leave ' Customers
. (ay\another - 1
different return never .
Over time
seller later buy

Figure2-1 Fill rate generation schematic

127



While fill rates typically measure how well grand inventory (supply) meets
cycle demand its operational iFgar¢2lon depend
When the focus is on an item, the topic of the study invgiveduct availability
when there is customer demand. An item is either available or not when the customer
wants it, and it may not be available because it is completely stocked siiit,being
processed, or there arendét enough wunits of
the focus is on customers, the topic of study invobtestomer servicéservice
guality) as the fill rate often becomes a proportion of customer ordetsotity of
customers served instead of units available for purchase. When the focus of studies is
customer reaction to unavailability over a period of time, the unsuccessful initial
transaction (visit to a store) is a precondition to a second phase ofdredtan later
time. During this second phase the customer may later return to the same seller,

switch to another seller or decide there is no need for the item (Zinn and Liu, 2001).

Item-centered studies generally revolve around suppBed decisionsd
operational efficiency As such the research questions are generally based in
inventoryfocused decisions affecting product availability (supply) and may have
nothing to do with substitutability. One
r at enfiongithe measure as one of four Air Force controls for their transportation
function (distribution activities) where i
divided by the number of items requisitioned. The actual rate is compared with an 85
perent goal, and any poor performance i s an

1964,p. 16). Referring to Figure-2, the fill rate is generated by taking the
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fnavail abledo units as the numerator of t he

Afunavai |l abbmEnatoras t he

Supplybased decisions in itegentered studies include but are not limited to:
how often to control inventory levels (Sezen, 2006), production capacity of products
of varying complexity(Closs, Nyaga, & Voss, 201,)ow many different items to
carry and distribute (Wan et al., 2012), whether to have a centralized inventory or a
decentralized one with emergency transshipmighsrs, 1997)and the appropriate
shipping quantity (case paskze) of items to stores (Waller, et al., 2008). These and
other decisions impact the level of inventory investment since the decision affects
how many units are held where. A review by Moussaoui et al. (2016) provides an
overview of drivers of product ayability. Their review centers around product
unavailability instead, which is simply looking at product availability in terms of
either SHO lost sales units or lost sales rates (Gruen and Corsten, 2008, p. 3). The lost
sales rates ta@teumnhesinasttaeantmdt at or i nsi
value in Figure 2. Such studies measure the impact of SHO occurrence instead of

customer switching.

Customeicentered studies operationalize service quatigtomer servige
using fill rates. The fags is on the customer experience or response and as such the
research questions generally revolve around marketing or customer inforedih
decisions to alter demand behavior. Customer behavior can include substitution even
without stockout occurrenc®emandbased decisions in such studies include:

whether or not to move consumer demand information up the supply chain (Boone et
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al., 2002), how to estimate order timing (Ali and Pinar, 2016), and what type of after

sales support to off¢Cohen, Agrawal, & Agrawal, 2006)nstead of adjusting

supply to adequately meet demand, such studies focus on how to make better use of

existing supply by reshaping demand with discounts or promotions (Laroche et al.,

2003) or using demaridformation to affect supply planning higher up in the supply

chain among the r et aiilbeard@amsd soareity effects@§€ Out si d
et al., 2017), where customer preference or demand changes for items with a greater

or lower onhand invetory, reshaping demand involves inventory management

decisions other than inventory investment (how much inventory to have on hand at a

specific location).

Studies considering product availability and customer behavior together
generally do not use fill ta measures as outcomes although specific types have been
proposed. Al so -kavevsh asvaifilcalsitloimey measur es
propose capturing the proportion of customers able to buy either initial or alternate
items. In other words, assumgi that the fill rate generation tree in Figur@ & for a
single focal item, customdrased availability measures would take multiple such
trees for multiple items. The numerator of the fill rate would be generated with the
Abuy (i niti al )foocnau mb etresm oafs twhe | | as the Abu
any other fill rate generation trees of alternate items. While the sum of these
purchases would constitute total customers served from available inventory, the
number of customers who face producawuailability could be double counted, as

both the initial and alternate item could be SHO. Double counting also includes
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customers who face an initial item SHO being counted as not being served even if

they buy an alternate item.

Custometbased availalily measures still focus on supghased decisions
although the fill rate is generated using demand (customer) movement instead of the
item. Zinn et al .-bd20dd23ystedmd oo lanviemt gmg
the reorder point (the trigger)rfan item may increase when considering a specific
(key) customer subsetds demand during | ead
standard deviation, and safety factor for that specific customer). This trigger point
ensures that the item has enough uniteamd during that inventory period for this
key subset of demand. AWhen the trigger is
halting sales to nekey customers until the inventory is replenished, (2) extending
the delivery time to nokey customers, (3)egotiating with the key customer the
amount actually needed until the inventory is replenished, or (4) arranging for an
emergency transshipmento (Zinn et al., 200
supplybased decisions, while option (3) refaygeshaping demand of key
customers. In the retail environment it is possible to consider initial customers of an
item as fikey customers, 0 since ensuring th

avoids loss of goodwill or customer loyalty.

Custoner-based availability measures are difficult to use both in retail
practice and research due to the unique role of the retail store in the supply chain. In
the selfservice environment of the store, how will the manager be able to stop sales

to nonkey cwstomers (suggestion (1) in Zinn et al., 2002) when customer initial
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preference is unobservable? The storebds un
on purchase through customers transporting their purchases themselves means that
extending delivery timé2) would require droghipping or other transportation costs

when the retailer would normally have none. Unlike demand higher up in the supply

chain, customers at a store often only purchase one unit of an item, leaving little

negotiating room (3) on aating order size. Unlike apparel, consumer packaged

goods are |l argely substitutable and the re
low for emergency transshipments to be a reasonable option for the store manager. In

terms of research, schatamay be able to approximate initial customer demand

(Vulcano, Van Ryzin, & Ratliff, 2012fpr the inventory period or during lead time

using sales data, but that would mean their research would have to focus on the

supplybasel drivers of availability since sales is being used for estimation purposes.

Fill rates in this case would still involve research questions on operational decisions

and efficiency (supply), although they may measure the impact of these decisions on

custoners.

Studies considering product availability and customer behavior in terms of
mul tiple store visits are2andidondgrnomallyed as
use fill rates as outcome measures. The focus of such studies is usually retaining
custoner demand and the lostgrm consequences of product unavailability.
Customers stop going to stores where they face repeated SHO (Turk, 2012), with
such stores losing market share (Wu, et al., 2013), as well as losing sales of items that
are availablebuvoul d have been purchased in the sali

SHO item (Anderston et al., 2006). Indeed, all retailers carrying an item that is SHO
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at only one store can potentially lose sales of that item as 9% of customers facing

SHO simply decidéo never purchase that item (Gruen and Corsten, 2008, p. 10).

Since this fAover -2falsuenderpboduatuiraveilability,tfei gur e 2
studies in this sphere do not consider wha
initial or alternate custoars. Customer switching is merely one among several

possible outcomes of SHO, instead of being the focal phenomenon of study.

Finally, target fill rates are sometimes considered in substitution studies that
use various performance measuresayet fill rate refers to the proportion of
customers arriving to the store who management intends to serve, acknowledging that
the remaining customers will leave without purchasing the item. In the Hauk (1964)
example it was stated as a goal of 85%. The targeafélis an interchangeable term
with target servicelevgl TSL) and is the practitionerés |
j ud g nfEersine) 1994, p. 211) recognizing it is not possible to hold a limitless
supply of an item, and hodegesdughrcustonser space ¢
units needed for expected inventory cycle demand too costly. This TSL is a measure
of inventory investment, or how much of an item to have on hand. Higher TSLs
involve higher inventory investment as the store will either hold mioits on its
shelves or in the store (higher safety stock) or replenish more frequently (higher

reorder point or shorter cycle periods), or both.

In many studies on substitution the TSL is a constraint (Tan and Karabati,
2013) and the outcome studiegifit instead of fill rate (Shin et al., 2015). The

TSL constrains the modlwhich incorporates holding costgo a minimum level of
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required inventory investment so that the service level is achieved. In their review of
customer switching with twavay sulstitutability literature, Shin et al. find that

scholars look to either maximize expected profit, expected payoff, or likelihood

(2015, pp. 689%90). Payoff takes the profit of each consumer unit of an item and

multiplies it by the number of units purchdsa that item. This is a useful way of

incorporating price differences between substitutable items. Likelihood in this study
refers to fAtheidpr aponatnidovar todriind evpentid sn
unavail abl ed ( Anu ) itistthe onlepaperfdund,inthe Shin&t, p. 41
al. (2015) taxonomy which uses likelihood (substitutability rates, in this case) as

outcomes. It does not consider target fill rates at all and focuses on how biased

demand estimates can be when usingrealadde s t o esti mate the #fc
(the size of initial customers) of an item. Shin et al. (2015) cite one study that uses

TSL and a service rate outcome but it is for a study on-aite assortmertased

switching and about centralized inventory decisio

Outside of such rare instances of using likelihood as a performance outcome,
studies on management of substitutable items usually measure the impact of
substitution with some financial measure (revenue, cost, profit) (Shin et al., 2015).
Indeed, in heir substitution taxonomy, Shin et al. (2015) show that regardless of
modelling objective (assortment planning, capacity planning, inventory decision,
price decision) the formulation of the substitution model uses financial outcomes.
That is because theadels consider balancing having too many units (overage costs)
with too few units (underage costs) while still being able to capture alternate demand

to benefit from risk pooling. I n practice,
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when an organization deeot know its stockout (underage) costs or feels very
uneasy about estimating them,0 (Tersine,
TSL is used to stock an item based on the expected proportion of arriving demand it
aims to serve. The TSL is then cpaned to a fill rate calculated with the effective

demand (units sold) divided by the arriving demand. The resulting rate is the

likelihood that an item will be available when a customer demands it. But which
customers? Both initial and alternate custormémspractice, the TSL for an item

generally does not consider substitution (Hubner and Kuhn, 2012).

There is one study in the literature on the impact of customer switching on fill
rates. Kale et al. (2017) simulate the lead time period demand of twiitstatible
items with Adesired fill rateso (TSLs) t
rates for each itembébs safety stock. Whil
individual orders can be for 1, 2, or 3 units each, it is not dynamather words, the
number of units available at the start of each day first serves initial customers which
arrive that day. If the initially preferred item is SHO, then a fraction of customers will
switch to the alternate item at the substitution rategbearchers impose (by
simulation inputs) on the system. It is not clear how the TSLs are used in the
simulation, but-tests of the results show that the achieved unit fill rate is at least as
high as the TSL for each item and that the degree of improvetepends on the
TSL. Low customer service level targets benefit more from increasing substitution
than higher TSLs. Their simulation also shows that increased alternate sales are not
linked to decreased initial sales of the same item. In the worstecasenario with

substitution is not significantly different than a scenario without substitution, so that
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customer switching never results in a unit fill rate that is lower than TSLs. All of
these findings make sense with the assumption of initial cussdveéarg able to buy

the item before any alternate customers attempting to do so.

This study brings together TSLs and multiple types of performance fill rate
(item, customer, initial, category fill rates) by isolating the customer switching
phenomenon in eetail environment of two products and random arrival sequence of
heterogeneous customers. The main assumption is that the retailer has a TSL for each
item which only focuses on the itembés avai
substitutability. Thisot only reflects practice but is often assumed in research as well
(Gurler & Yilmaz, 2010) The substitutability is accounted for in the theoretical
framework (FRH) by conditional probabilities and the actual environmentased
by a simulation program (an agdrdsed model simulation or ABMS) where
customers with different initial preferences arrive in random sequence to store
shelves, may face SHO and may be willing to switch to the alternate item. This study
avoids demad reshape from price differences, promotions, or inventory billboard
effect, and only considers the customer 6s
facing SHO. There is no consideration of how the same individual customer would
respondto SHOsovertean, so t hi s study incorporates on
tiersof Figure2, and not H@Aover ti meo. Di ffering fr
measures of both item availability and of customer service are in this study of

customer switching.
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2.3 Theoreticalframework of customer switching

Consider two different i t ems, call ed nAXOo

category but could be sized or packaged differently or from different brands or

suppliers. l'tem AX0 i s t liengfodhe stdre shief e m, b u't

initially want to buy item X. Initial customers of item X are focal customers while
alternate customers are the initial customers for item Y. Initial customer size for each
item, or core demand, is noted in Figuf8 8s |4 and is the average daily units
demanded for each item. This is a value that is known to the retailer and used to
determine order size for an inventory period. Whatever the reason (limited shelf
space, insufficient funds to invest in more inventory, insigfit vendor capacity,

etc.) the retailer plans to serve only a certain proportion iaftjal customers, with
SLbas the itembs TSL. I n terms of customer
assumes only a portion (S)lof customers facing SHO is wilg to switch to their
alternate item. This is different than viewing $ab the proportion of customers
arriving to the store (uand are willing to switch if faced with initial item SHO.

There is no guarantee that every customer who faces SHO \aitii®¢o purchase

their alternate item because that item too has only a certain level of inventory
investment as determined by its own TSL. In this way, there are 8 customer

outcomes for 2 items.
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Hx

Wy + 1 xy
X v PY
Notation:
Hi= mean daily core (initial) demand of itam
Py
0
SL = target service level (fill rate) of item 0 GL O 1
Py
. . . X
Suly = the proportion o€ustomersvho would buy as a substitute
when faced with a stockout pf0 Gulk; O 1
yXx
Py

Such thatD 0 0 0 O +0 0 0 0 0 =1

Figure2-2 Customer switching outcomes
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2.3.1Customer switching outcomes

The tree chart in Figure 2 shows the 8 possible customer switching
outcomes as darkened ovals, marked with specific notation containingrslib
superscripts. Theubscript refers to which item (X or Y) the customer has purchased,
or 0 if the customer leaves without purchase. The superscript with lowercase letters
refers to the customer type. I f there is o
tosubstitute f t he initially preferred item i s SH
refers to customers who initially prefer item X but would switch to item Y if faced
with SHO of X. Similarly, fyxo are initial
is X. Custaners leave without purchase in 4 of the 8 possible outcamés: h
0 handd . The remaining 4 outcomes all involve customer purchases. In two of the

purchase outcomes, the item is an initial purchase (0 AT ® 0 andin

the other two purchase outcomes the items are alternate pur¢haséd ®
While the FRH doesndét differentiate betwee
whether they are willing to switch or not, it is included in the outctomeetter link it

to the ABM framework outcomes presented later.

Each customer outcome is a likelihood, or a rate which takes the denominator
of the total size of initial item demané, (or t otAafdralld,d mand, X
considering the product category overall) and various numerators depending on

outcome. For exantg, outcoma is the fraction of customers who leave the
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store without purchase because their initial item (X) is SHO and they are not willing
to switch to the alternate item (). The core (initial) demand for each item can be
expressed in terms ofitcomes as the sum of those who are able to buy an item

(initial or alternate item) and those who leave without purchase. For example, if the

demand for item X is half of the overall demand for both ite/fqés/i— T®

~ ~ ~
g g 5

0 0 0 0 0 .The fraction of total demand served from existing

supply of both items is the sum of purchase outcotes: 0 0 0

0 0 8The numerator of each outcome is a measure of supply because
customers are able buy the item if it is in stock. The denominator of each outcome
is a measure of the core demand (initial customers) of both items. The sur of all

likelihoods is 1 (or 100%) so that no other outcomes are possible for these two items.
If considering onlyone item at a time the& p 0 0 o 0 0,
wherei is the initially preferred itenj,is the alternate itenh,is purchase of the focal

item and] is purchase of the alternate item.

The outcomes are expressed in prdpo# instead of absolute (unit or dollar)
counts sold or lost. There is a total count of customers arriving to the store, and each
customer demands only one consumer unit of an item, so there is a total number of
units that need to be supplied by the tetaHowever, the retailer does not maintain
that level of inventory investment so some customers are going to leave without
purchase. The outcomes are tracked with rates instead of counts because of the

overarching r el at i R=hsménioned eadier. Adthe count forc o me s

140



one of the 8 outcomes increases, there must be an equivalent decrease at one or more
of the other counts. Having all of the counts at each outcome divided by a total
number of units demanded expresses each outcome asanfrd@ whole that a

simple count value cannot.

Although each outcome is expressed as a stockout or fill rate, these switching
outcomes are not the same stockout or fill rates used in practice or in research. For

example, the outconte is the proportin of customers who are not willing to

substitute and face SHO while are the proportion of customers who face SHO of

both initial and alternate items. The current availability and customer switching
literature does not go to this level of granulabiecause of issues retailers face in
capturing SHO occurrence or distinguishing between initial and alternate customers
of an item. This is why the second part of this study uses these outcomes for various
fill rate measures which have been proposed®used in research. The first part of

this study looks at the outcomes themselves to see if there is a difference between the

FRH and ABM frameworks of customer switching.

2.3.2The FRH and ABM frameworks

In the theoretical framework or the fill rate heuristic (FRH) the 8 mutually
exclusive outcomes in Figure2can be estimated in one of two ways. In terms of

whet her customers wil/ be able to buy thei
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target serwe level for the item. For those who face SHO instead, the outcome is
expressed as a conditional probability. Since there is a probability that an item will
not be available for a certain proportion of initial customers and a proportion of those

facing SHD are willing to substitute, the likelihood of buying the substitute would be:

0 p YD "YO @ "YO where the last term is included because there is a

chance the alternate item will not be available either.

If considering only one customdemand stream (following only one of the
first branches in Figure-3) there are only 4 outcomes to consider instead of 8: buy

the initially preferred item, buy the alternate item, or leave after facing one or two

SHO. In that case the four outcomes equwhere::; p U 0 0

0 0 . Note that considering one customer demand stream includes availability

outcomes for both products, as Zinn and Liu (2001) propose with their customer
based availability rates. In contrast,@lithe outcomes for item X (instead of
customer X) are: 1 & 0 0 O 0 . This considers all the
instances that item X is demanded, either by initial or alternate customers, and the
proportion of the time X is available eet that demand. Retailers generally set

TSLs according to these item (unit) fill rafgsubner and Kuhn, 2012) instead of the

custometbased availability rates.
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Outcome FRH expression of outcome
0 0 SLx

0 (1-SLy)(1-Suly)

0 (1-SLy)(Suhy)(SLy)

0 (1-SLy)(Sulyy)(1-SLy)
0 0 SLy

0 (1-SLy)(1-Suby)
(1-SLy)(Subx)(SLx)
(1-SLy)(Subx)(1-SLx)

Table2-2 Customer switching outcomes according to FRH

Following the branches of the tree to each outcome provides the likelihood of
that outcome, as listed in terms of items X and Y in Tafflel@ the FRH, each item
is available at levebLi, and when it is unavailable, orBuly proportion of customers
facing SHO will switch to the other item. If customers switch, then the demand for

the alternate i tem -hasdingenteradtoeked atcordingtot he st o
its initial-demanebased TSL. In other words, expected outcabnecalculated in this

manner may overestimate the proportion of customers actually able to byyagean
substitute. Zinn et al. (2012) note the reorder point for the substitutable item would
have to be higlr to accommodate the additional demand from customer switching
and still maintain the service level originally intended when investing in that item.
Indeed, the proportion of initial demand servéd ( 0 hEIED & iof an item

may also be leghan its expected service level, as random arrival sequence (Gilland
and Heese, 2013) may result in alternate customers purchases proceeding initial
customers for whom the inventory is held. The same rate of availaBilijytiiat is
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planned for initiacustomers is also imposed upon alternate customers over the entire
inventory period. The first part of this study investigates to what degree this
assumption in the theoretical framework of the FRH is in accord with actual
outcomes computed by simulatiander the ABM framework.

In contrast, the ABM framework avoids imposing a priori values on the actual
proportion of customers who have switch@thile the total demandy A isthe
same for both views of customer switching, the process of obtainsigmer
outcomes differs between views. In ABM, the customer switching phenomenon is
reduced to demand and supply components or drivers. The demand is made up of two
customers types for each item, those who are willing to switch and those who are not.
Sorre of the demand characteristics (mean and standard deviations of the inventory
period and the mean lead time period) are incorporated into calculations to determine
supply. In terms of supply, the TSL is not used to directly calculate conditional
probabilties of who will buy the item (as in FRH) but is instead used to determine
reorder points of each item, as listedinTab®R2 |t ems with higher
the table) have greater inventory investment. Their reorder point, B, is higher because
there isgreater safety stock, S, to hold in order meet a greater proportion of incoming
demand. Items with higher TSL keep more units on hand, which is why the TSL is a
measure of inventory investment. Otherway customebased substitution studies
focus on ther measures of inventory investmhercluding: basestock levels
(Chiang, 2010fNagarajan & Rajagopalan, 2008yder quantity (Khouja et al., 1996;
Huang et al, 2011; Stravulaki, 2011), cenned versus competitive inventory

locations(Netessine & Rudi, 2003and ordetup-to levels (Tan and Karabati, 2013).
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Notation  Description Variables used in calculations
D Daily demand Normally distributed with
mean,w, st andar d pde\

Order quantity when ehand

L .
Q inventory hits reorder point Inventory period in days *gt
L Lead time Constant, in days
Mi Average demand during lead time Hp*L
G Standard deviation of lead time o i
H demand Up™ W,
Notation Description Calculations
Y0z 0
E(M>B) Expected lead time stockout in unit pYT
Partial expectation function, NORMDIST(Z, 0, 1, FALSE} Z*(1-

E(2) standardized stockout for standard

normal distribution NORMDIST(Z, 0, 1, TRUE)) in Excel

Use Excel 6s Goal :

Z Standard normal deviate where E(M>B) = E(2)
S Safety stock Z*
B Reorder point in units S+M

Table2-3 Supply calculations for ABM

The customer switchingutcomes in the ABM depend on looking at customer
behavior instead of effective demand outcomes. The level of detail in the notation in
the model in Figure-3 incorporates the 5 ABM outcomes within the same figure of
the FRH framework. The first customgpe is one who is not willing to substitute

and will leave if faced with SHO.
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Start of day

Normally distributed
demand arrival, for
product j..

N orm ally distrituted
demand arrival for
product i

& ssi grum ent of
substitatability preference
rarking

k 4

Randomize arrival
seguence of customers

Cuttertly
preferred

Willing to
substitute?

Inerease on-hatd
irrretitory

M

Lead time delay

Order a.mu:-qui

Feduce oti-hand Ty
Customer leaves — Dot 4
Logt sale o fuot teot der

Chatige currert preference
to next product inranking

Figure2-3 Mapping the ABM process
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The two possible outcomes for this type of customer is buying the inpiafgrred
item @ or leaving without purchas® ). The second customer type is willing to

switch and ar&ul fraction of the core demand,. [The 3 possible outcomes for this
customer type is: buying the initially preferred itetn ), buying the alternate item
0 ), or leaving the product category without a purchase). Unlike the FRH

frameworkdéds conditional probabilities, ABM
customers fall into one outcome over another over based on theactiaa with one

another and the ehand inventory. In other words, each individual agent is allocated

into one of either two or three outcomes depending on customer type (willing or not

willing to substitute), and the current inventory levels upon artovéiie store shelf.

The onrhand shelf inventory level is a running total of replenishments to the shelf

(adding units) and prior customer picking from the shelf (subtracting units). In the

ABM framework, the componerdiscustomer types and reorder podnisf the

customer switching phenomenon are defined and allowed to interact, instead of

making assumptions about the phenomenonos

The final breakdown or proportions of each outcome in the ABM builds up
organically from the ppcess mapped out in Figured2 In this process a store day
begins with a certain level of inventory on hand. Customers, who have a set of
preference rankings before arriving to the store, arrive in random order sequence.
They check the store shelf toesiétheir initially preferred item is available and buy it
if it is. If SHO, they switch if they are willing to and buy the alternate item or leave

without purchase if the alternate item is also SHO. The customer not willing to switch
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and facing SHO of @initial item leaves without purchase. As soon as a store visit is

complete the inventory position is checked to see if it has dropped to the reorder

point. If so, an order is placed of the predetermined order quantity for the inventory

period. That ordearrives to store shelves after a certain lead time. The customer

switching outcomes are portrayed in Figuré 2 as t he r ect anigl es fAcus
|l ost sal eo-hamd fAmesccwnde ron 0O The process 1is
is a tally at eachectangle accumulating how many customers of each type fall into

which outcome. In this way, the ABM compiles the customer switching outcomes

unit by unit (or customer by customer) instead of assuming overall proportions for an

average customer as in theH.

Certain relationships are expected to take place in the FRH framework,
between the outcomes and the supply (TSL) and demand (willingness to switch)
factors. First, increasing inventory investment of an item (increasgdpstefinition
should be linkd to an increased proportion of customers (initial and alternate) being
able to buy the item as compared to lower TSLs. A positive relationship between
inventory investment and unit fill rates has previously been shown (Closs et al.,
2010). Secondly,anie més al ternate demand size increa
alternate customers to switch increases (increaseg.Stthe customers facing a
SHO of an item, a greater proportion would switch to the alternate item as compared
to a lowerwillingness to substitute. Risk pooling should have a greater effect on

performance with increased substitutability.
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Units of demand Impact of increasing Impact of increasing Impact of increasing foca Impact of increasing alternat

or of sales focal item TSL altemate item TSL customer willingness to  customer willingness to

switch switch
Initial salesof 189, mor e un4"y, fewer 6"Z, more al 39, more alte
focal item supply to meet demand supply taken away by

alternate customers

Alternate sales 19 , mor e un39Z, altern5"y, alterna299y, alternate
of focal item supply to meet demand size smaller larger larger
Alternate 247, supply 57, supplyl®y, more (gi4d"y, more init
demand size of greater proportion of greater proportion of  proportion) of initial focal item face SHO
alternate item initial demand initial demand customers facing SHO

willing to switch

Initial salesof 4"9 , fewer ul®9y, more u3’Z, more al 6'Z, more alt ¢
alternate item  supply taken away by  supply to meet deman
alternate customers

Alternate sales 397, alternel®y, more u29y, alternab"y, alternate
of alternate item size smaller suppy to meet demanc size larger larger

Alternate sz, supply 292, suppl yd"y, more in 1, more (gre
demand size of greater proportion of greater proportion of customers of alternate itel initial customers facing SHO
focal item initial demand initial demand face SHO willing to switch

Table2-4 The interconnectedness of customer switching outcomes
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On the other hand, every customsaitching outcome involving sales may not
increase with increasing TSL or willingness to switch, because of the complex
interconnectedness or interaction of the outcomes, as illustrated in Tabke/ary
row of this table lists the size of demand orales outcomes that are affected by
TSL or willingness to switch, which are listed as table columns. The initial demand
size for each item is not included in the table. It is exogenous and is not affected by
changing the inventory investment levels or thargying proportion of initial
customers willing to switch. If 100 customers initially want item X then the
difference between none of them willing to switch to item Y and all of them willing
to switch to item Y does not change the fact that there areudd@neers who initially
want item X. The alternate demand size, however, can change in one of two ways:
directly by changing the proportion of customers willing to switch or indirectly by
changing the supply of an item. Since there is an overall numbeitsfof supply
and of demand, when somethin® dmandes tiab| e
it is linked to subsequent changes in the othéfs 82, 4", or 8"). In this study,
subsequent changes are referred to as steps, whereas othensaydiefer to similar

changes as #dindir ec(Schidpp®& &leschcnann,d18)s ubst i t ut

The impact of increasing either the focal or alternate item TSL is expected to
take place in 5 steps. First of all, increasing shpply of an item should be linked to
a higher likelihood of initial or alternate customers being able to find the item in stock
(¢ ). As more initial customers are able to
initial customers who face SHO and ardling to substitute should be smallef"{2
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Z) . Fewer customers approaching the alter

number of alternate sales of that alternate itéAdiZ(3 . Thi s in turn shoul
supply of the alternate item to its imiticustomers @9 ) . Since the initial
of the alternate item are able to buy their initial preference in greater numbers, the

number facing SHO and willing to switch should be low&Z5 . Over al |l , 3 of

sales outcomes increase with inciegsI SL, while one of the sales outcomes

decreases.

The relationship between increasing willingness to switch and demand and
sales outcomes is expected to take place in 6 steps. Increasing the willingness to
substitute for a group of customers shoul@dily increase the number of customers
willing to switch of the group of customers who face SH®Y1) . Thi s i ncrease
demand size means more customers will approach their alternate preference, more
likely resulting in greater sales"® ) . S i necrember ofyunits @ each item is
being purchased by alternate customers, there will be fewer units of the item available
for its initial customers (37 ) . Next the number of customer

be greater, not because the proportion hagased (as in step 1) but because the

number of customers facing SHO has increaség(® . Thi s al so shoul d
more alternate sales{f§ ) whi ch in turn means fewer i ni-H
are able to purchase it{& ) . OV e heasdlds putc@newiricredse with

increasing substitutability, while two of the sales outcomes decrease.
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Presenting the drivers of customers switching and switching outcomes in this
manner can answer the question of the usefulness of the FRH. The FRH framework
does incorporate steps3l(Table 24) for changes to TSLs. It also incorporates steps
1 and 2 for hanges to customer willingness to substitute. It does not expect that
changing the supply of one item will indirectly change the relative supply of another
item as well as changing the alternate demand size of that other item, as listed in steps
4 and 5, espectively of columns 1 and 2 in Tabld.2Similarly, the FRH framework
does not incorporate (in columns 3 and 4) a relative change in the supply of one item
(step 6) with a change in demand (willingness to switch) of another item. This type of
interacton between all customers and the available supply of both items does take
place in the ABM framework, not because it is modelled in with a priori assumptions
but because each component (a unit of demand and a unit of supply) has its own
myopic rules of bedwior which are left to interact with one another. That means
when comparing the FRH and the ABM it is possible that there will be changes to

switching outcomes in ABM that are not in FRH.

Even if a comparison of the customer switching outcomes fromwvihe t
frameworks shows when the FRH sufficiently captures the phenomenon, it does not
provide any measure of switchingds i mpact
sales rates among these switching outcomes are the actual fill rates used in practice.
In practice, fill rates are different combinations of these outcomes. Since the sales

outcomes are not expected to all move in the same direction with an increase in TSL
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or substitutability, it is possible these customer switching drivers have differing

relationships to different fill rate measures.

2.3.3Fill rate measures

The fill rate measures used in the second part of the study include various
combinations of the 8 outcomes outlined in Figu® Zhe components consist of
original (core) demand, initial purake, and alternate purchase, where demand (in the
denominator of a fill rate measure) refers to the size of initial customers intending to
buy an item, and purchase (numerator) refe
assumption that the supply wilbt fully meet the demand (TSLs are not 100%) the
number of units an item has sold is actually a measure of item supply instead of
customer demand. The fill rates also include a component that is not explicitly stated
using its own notation in Figure2 and that is the alternate demand size after the
initial customers have faced SHO. This alternate demand size depends on the TSL of
the initially preferred item and the level of customer willingness to substitute. Initial
and alternate demand as well asghase size components in different combinations

constitute the fill rates in this study.

Every row in Table 25 is for a different performance fill rate measure used in
this study: item, customer, initial customer and category fill rates. The secamancol
of the table (Description) describes the components of each fill rate. In this column,

every fill rate numerator includes initial sales of the focal item and every denominator
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includes the size of focal item initial demand. The remaining componenighat
differentiate one fill rate measure from another. Without customer switching, the
item, initial and customer fill rates would be indistinguishable because there would be
no alternate customers demanding or buying items. Tablkesgs the focal gm fill

rate and the initial and overall customer fill rates for the focal customer and excludes
the same fill rates for the alternatem and-customer fill rates to save space and

avoid redundancy. The category fill rate is the only performance meaadtig study
which considers total customer demand size (sum of initial or core demand of each

item) and both initial and alternate sales of both items.

The category and initial fill rates are included to serve a specific purpose.
First, the category firate is included because it is an overall performance measure
which should increase with customer switching because of fewer units of lost sales
(McGillivray and Silver, 1978). If this performance measure shows a significant link
to customer switching drers while the other fill rates do not, then it illustrates how a
single phenomenon can be linked to performance outcomes with contradictory
findings. On the other end of the spectrum is the narrowest fill rate measure, initial
fill r at e .main gbdl is to supplyan itene thab sscustomer wants so
increasing its supply (focal item TSL) enables increased sales to those initial
customers. While initial fill rate has no components of alternate demand or sales,
i ncreasing an iotatemate cusamprptd also purchasewt & thefir
initial item is SHO so that alternate TSLs and willingness to switch could be
correlated to the initial fill rate.
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Impact of Impact of

Impact of . . . .
Impact of : . increasing focal  increasing
: - : . increasing
Fill rate Description increasing focal > customer alternate custome
: alternate item . o
item TSL willingness to willingness to
TSL . :
switch switch
it ¢ QO QEOWME TENQ @ & 0 QI i EEHEAME FTEHRQ v u nw 8 5 5
em 0 Q006 HE WE DBH0 a6 6 Q1 ERaE ME WaKD E— 5 7 —
Q¢ Qb QEOWME GEHQE & 0 Qi DO & 0 Qi RO 4 8 4 4 g M 8
Customer e T
Q¢ OO'QO hE WE WBNQ a
Initial V¢ QO DHEOWE THXQ & 4 4 8 8
nitia 0F Q006 GE WE GOBQA | — — - —
n n 8 n n 8 n b8 8 7 n 8 8 n 7

Cat D¢ Qb QED (EI00 Qadd 6 Qi it ¢E500 Q& Y
ategory 0F QDG bE X0 Q4

Table2-5 Fill rate measures in terms of customer switching outcomes
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The customer and item fill rates are included in the study for two reasons.
First, the retailer stocks items according to effective demand but considers only initial
customers. This stocking procedure uses a fill rate that has the numerator of the item

fill rate and the denominator of the customer fill rate in TaddleThis results in two

di fferent sources for skewed fil/l rates, o)
alternate sales of f ocal i temo and the oth
demand of focal item. 0 By using effective de

includes alternate sales of an item, requiring an inflated supply of that item by a

degree that would normally not occur if thkkernateitem was sufficiently stocked.

By ignoring demand from switching in the denominator of the fill rate, it overlooks

the combined demand that the supply must meet, from both initial and alternate

customers. This makes the denominator smaller than it should be. The fill rate in

practice thus msguides the retailer because it is inflated from larger numerators and

smaller denominators than the item and customer fill rates used in this study. These

t wo fill/l rates are included to better capt
meets theotal demand for the item (item fill rate) and the proportion of initial

customer size able to buy any item (customer fill rate).

Secondly, the item and customer fill rates allow for separately viewing the
impact of supply versus demand drivers to switghSince the customer fill rate
(Zinn and Li u, 2001) foll ows how well a cu
store carrying multiple items (through switching), a higher customer fill rate with the
same amount of inventory is evidence of the risk pgodiffect. The item fill rate
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measures how wel |l mul tiple customer groups
single item, so that highleevdlilflilrlatreast ar ef
(Waller et al., 2008) where having more inventory atstore allows for greater

sales. Incorporating both of these measures into one study brings together the

operations mindset of product availability with the marketing mindset of customer

service. If item fill rate is more of a product availability measasediscussed earlier

(section 2.2.2), then the impact of inventory investment (TSLs) should be larger than

it is for the customer fill rate. Similarly, if the customer fill rate captures risk pooling

effects from switching, then then the customer wiltiegs to switch (a demand

driver) should have a greater impact on it than on item fill rates.

The remaining columns of TableXillustrate how the impact of customer
switching drivers may vary between fill rate measures because of their different
componets. It is beyond the scope of this research to hypothesize or test the direction
of impact, whether the change in each fill rate measure overall is positive or negative.
Fill rate measures, as this table shows, are complicated because of their components,
and can mislead our understanding of performance improvement. This study explores
how each switching driver can have a different size of impact on each different fill
rate measure.iBboard and scarcity effects (¢ et al., 2017) are also out of the
scope of this research since the ABM framework clearly defines a customer as
switching to an alternate item only when the initial item is SHO, and not because the
alternate item has higher-txand inventory than the neé®HO initial item. Therefore
an increas@ inventory (increased TSL) will not increase the size of initial or
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alternate customer demarnithis lack of association with initial demand size is
portrayed throughoutAst lsd att eldl e awiltirerg f ncr
willingness to substitetalso does not change the size of initial demand. Each

expression of a fill rate measure in the table represents the main effects of increased

TSLs or substitutability, a main effect which is comprised of multiple customer

switching outcomes which some&svary in direction.

Performance fill rates may also be affected by a combination or the interaction
between the four drivers of customer switching in addition to their main effects. It is
possible that performance improves at a greater rate when dregany of the focal
item increases and the willingness of alternate customers to buy the focal item also
increases. Indeed, it may increase even more so if the inventory investment of the
alternate item is lowered. On the other hand, if alternate custdmagrthe focal item
at greater numbers this may result in the focal item stocking out at a greater rate than
planned with TSLs, and a greater proportion of focal customers may leave without
any purchase since the alternate item would also have stockémuivould mean
worsening customer fill rates for the focal customers. Since all of these interactions
may pull different fill rates in different directions, it is unclear which factor or set of

factors would have the greatest impact on each typd oditi.
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2.4 Experimental design

2.4.1Design assumptions

For the most part the overall design is a typicalpsaduct symmetric
problem (Huang et al, 2011). First, the inventory system is under continuous review
(Sivakumar, 200830 that the store is always aware oft@md inventoy levels.
Secondly, there is normally distributed (truncated) demand for each item (Rajaram
and Tang, 2001). Third, demand arrives one unit at a time (each customer wants one
unit only). This means in the continuous review system the inventory position wil
never drop below the reorder point. Fourth, there is equal mean and standard
deviation of demand and of demand during lead time (Shin et al., 2015). The order

guantity of each item, which is for a period of 10 days, is also equal for both items.

Assumptons that differ from the twproduct symmetric problem of prior
studies help set the foundation for this s
not symmetric as generally assumed (Nagarajan and Rajagop&8&n,|R3
possible that a greater (®maller) proportion of initial customers for one item are
willing to switch to the alternate item than in the other direction. Additionally, lead
time is not zero and if there is unsold inventory it is carried over to the next period
unlike substitution sidies using newsvendor models (Khouja et al., 1996; Huang et
al., 2011). There is instantaneous replenishment of shelves as soon as the item arrives
at the store but it takes 5 days from placing the replenishment order to store arrival.
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This nonzero leatime period is important because it is during this time interval that
alternate demand from other items which have SHO are able to switch to the available
item during its lead time period. If these SHO items had instant replenishment (zero
lead time) thenheir initial customers would not need to switch, so a period of SHO is
necessary for the switching to occur. The item could be SHO because it has a lead
time instead of instantaneous replenishment. But it could also be SHO because its
demand arrived fastéreorder point reached earlier) than expected due to additional
alternate demand, putting it out of sync with the reorder cycle of the rest of the items.
Having switching in both directions at different rates allows for an item to be
alternately demandezhd thus SHO before it is in its own lead time interval period.
The assumption recognizes the store may replenish one or some of the items in a

product category without simultaneously replenishing all of them.

There are also assumptions which furthelaiothe switching phenomenon to
the only two factors of storebés decision o
customersdé6 ability to buy an item or | eave
on the part of store personnel in putting the right itembe right place, or if there is
a backroom, in realizing a product is out of stock and refilling the shelves from excess
stock in the backroom. Indeed, there is no backroom effect or inventory overflow
(Waller et al., 2008). There are no time, spadeuonan labor effects in terms of the
supplier. There are no errors in order receipt or delivery in terms of quantity, quality
or timing. There is no backordering; if an item is not available to the customer upon
arrival, it is not provided to that custonedra later time. Orders are not combined
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since the products come from different suppliers. There is also no order crossover

since the lead time is constant.

Description Values of each level

The target fill rate the retailer chooses SLx={50, 75, 95}

Target for the focal item X
Service
Level The target fill rate the retailer chooses

for the alternate item Y SLy={50, 75, 95}

Proportion of focal

Vﬁﬁiitgr:r;rs would buy substitute Y if X is stocked out Subxvy={0, 50, 100}
Subt;)titute Proportion of the alt Subx=0, 50,100}

would buy item X if Y is stocked out

Table2-6 Experimental factors

The first part of the study is more restrictive in its assumption of target service
|l evels. The experimental fact o6.8hilen this s
in the second part of the studyoh item can have a different level of inventory
investment within a scenario, in the first part of the study there is one TSL for both
items in each scenario (8tSLy). Depending on the scenario, both items can have a
TSL of 50%, 75% or of 95%. Symmetiitventory investment removes any
differences from supptpased decisions so the focus can be on customer behavior
and the orhand inventory resulting from that behavior. The items may each reach the
reorder point at slightly different times but have apprately the same level of

availability, being reordered at the same level and almost same point in time. In this
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way the customerdés behavior is isolated an
aggregated to see what, if any, interaction effects there are be¢aasdom

customer arrival sequence.

In the second part of the study, the focus shifts to how this customer switching
behavior impacts performance fill rates. By picking one of the two items as a focal
item, the TSLs are then allowed to be differentrfrone another so that SHOs occur
earlier for the item with lower TSLs. In this way there are different levels of customer
switching, because there are different levels of customer willingness to switch and
different levels of inventory investment. The fbitam can be stocked more (less)
than the alternate item and have a greater (smaller) proportion of customers willing to
switch to the alternate item. Varying these amounts attempts to capture a wider
spectrum of switching than symmetric TSLs and suliatilities can. It would be
di fficult to ascertain the effect of the a

if both the supply and demand drivers of switching were symmetric.

2.4.2Notation for customer switching outcomes

To better describe the different customer switching outcomes of the first part
of this study, additional suland superscripts, shown in Figur® 2are added to the
notation introduced in the theoretical framework (section 2.2.3). After the subscript
forporurchase outcome and superscript for cust
of the bracket are the experimental conditions, the drivers to customer switching. The

supply driver is the superscript, which identifies what proportion of customers who
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initially prefer item X or item Y are willing to switch when faced with SHO. The
subscript is the TSL of both of the items which are stocked at the same level of
inventory investment. In the example in Figur,z2hone of the focal customerg (

are willingto switch to item Y, while half of the alternate customgysafe willing to
switch to item X. In this example X and Y are both stocked such that the retailer
expects to serve 75% of core demand (initial customer size), with the remaining 25%
facing SHO Overall, the example in this figure is the notation for the likelihood that
alternate customers, half of whom are willing to substitute, are able to buy the focal

item, where both items are stocked with a TSL of 75%.

Customer

Customer o
Ve willingness
yp to switch

/

Likelihood of yx1x0y50
—F ]TSL75

outcome X

Item Inventory
purchased investment

Figure2-4 Notation scheme for switching outcomes

2.4.3Computational generation of outcomes for the ABM

framework
Although simulation has been used for more than half a century in inventory

management resear@lbucas & Moody, 1957)it is stil considered one
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but unf ami (Waler& Faveetth261d,9.0209) supply chain research.

Simul ation all ows for Acomplete control
potentially restrictive atskyyavwigingi ons andgé
conf oundi (BEwprs & Want2012,9.82The problem considered here is
complicated given heterogeneous customer preferences, random order arrival

sequence and nesymmetric substitutabilities. Because of this complexity,

simulation is chosen to generate switching outcomes.

Of the three typesf simulation methods, the most suitable approach for a
individuaklevel view of customer switching is discreagent or agerbased (ABMS)
modeling and simulation. The other two methods are discrete event (DES) and system
dynamics simulation methods. Bahe topdown models of computation which
assume that the aggregate behaviors of processes or events are simply a sum (and are
no different) than individual occurrences. While system dynamics simulation is
appropriate for finding hysteresis (lag) and aeion effects (bullwhip)

(Christopher, 1976, p. 29DES is suitable for processes where the underlying
structure is already known. On the other
and behaviours emerge that eerot explicitly programmed into the models, but arise

t hrough t he a(Naa & Nortm 2084 pa It Mowr et®l(2013)

provide a further differentiation and backgroletween the different simulation

methods.

Agentbased simulation models (or agér@sed model simulation, ABMS)
have four characteristics that specifically suit stockmged customer switching: a
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bottomup perspective, boundedigtional agents, netwied direct interactions, and

temporal aspect®Rkobinson, 2015)Necessary for finding the underlying structure of

phenomena, abotteonp per s p e ct iheteroghnaumgeftslivilgoan gl vy

complex systems that evolve thrdug t i me é[ so t hat] éaggregate p
interpreted as emerging out of repeated in
(Windrum, Fagiolo, & Moneta, 2007Boundedlyr at i onal agents have f
opt i mi s a(Windrum, Fagidloe&Moneta, 200Where agents have to react

and adapt to endogenously changing environments. Additionally, the agents in ABMS

Ai nteract directly because current decisio
expectations,ohte past choices made byWodrumer agent

Fagiolo, & Moneta, 2007)These networked direct interactions can be overlooked in

the FRH framework presented earlier (Figu®)2Last of all, Rand and Rugate

t hat temporal aspects are fAal most a necess

(2011, p. 185). Starting out with two items that have equal initial demand size and

inventory levels, this experimental design relies on the temporal aspect of customer

switching, where the timeline for supply is altered by splitting demand streams over

time.

Of the two types of agefiitased modeling this study uses an active walker
model . A random wal k model does not intera
space inwhichhe r andom wal ker wal ks i s al ways pas
(Freimuth & Lam, 1992)An active walker better reflects custontsed switching
because agents, according to Freimuth and Lam (1992), have deterministic or
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probatilistic rules that tell them what step to take next when faced with their current
environment. In this study each agent has a deterministic set of items ranked
according to the agentds initiabThand al ter
interacton with the environment occurs when a customer arrives to the shelf for the
initially preferred item or alternate items which may not be available due to prior
customer purchases. Items drop inh@amd inventory levels and also reach their
reordering poihafter customers take items from the shelf. In this way, the agents
interact both with one another and the environment.

The customers in the ABM simulation (ABMS) in Tablg Biave myopic
rules depending on their customer type and they directly interdcone another
because of product availability. While customers at a store may never see one another
at the product category shelf, the resulting SHO from a prior purchase of one
customer determines what a subsequent customer will do. There are ftiffere
customers (4 cellsin Table2) , wi th customers who initial/
item: Xo0) having the same structure of dec
prefer item Y. Mapping these agent definitions to the outcomes described in the
theoretical framework an initial customer of item X who is not willing to substitute
has two possible outcomes (or 0 ), whereas those willing to substitute have three
outcomeg0d ,0 ,0 ). For each customer type, their outcome is determined
entirely by product availability at the time of store visit, with the product availability

depending on prior customer purchases and store replenishment timing.
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Initial item: X Initial item: Y
. Buy X if in stock, else Buy Y if in stock, else
Willing to - .
. Buy Y if in stock, else Buy X if in stock, else
substitute . .
Leave without purchase Leave without purchase
N.Ot. Buy X if in stock, else Buy Y if in stock, else
willing to : .
substitute Leave without purchase Leave without purchase

Table2-7 Customers in the ABM framework of customer switching

The customer types are simulated using ARENA {Rdckwell Automation,
2013) Since ARENA is not ABMS software, the agents are created by using existing
program entities in an unconventional way.
which is normally used for items to move from one machining step to another after a
certain periodf processing time, is used to move customers instead, on condition of
product availability (instead of time) using the decision rules in Tafdle Phe job
sequence thus becomes the customer prefere
of type (1,2,4has product 1 as his first choice, product 2 as his second choice,
product 4 as his third choice, and he never buys products 3 oo%Honhon &
Seshadri, 2010, p. 136/Hor every new day generated in the simulation, the program
pul | s t h aity of duatgmiers from @& aumdated normal distribution of daily
demand (p= &7 2) for each item. Whatever proportion of these customers are
supposed to be willing to substitute are a
demand and given the job sequeint 3 steps. The remainder of the core demand of

each item are given the twabep job sequence, as listed in Tablé 2
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After defining the agents (the demand) in the simulation program, the store
shelves (supply) also need to be simulated. Supply iisedeby a reorder point
corresponding to each TSL in the experimental desigig= 80, Brs= 13, and Bs=
36 (Table 23 provides stefby-step directions). The process of calculating the ROP
are Amere approxi mat i(lemrsise, 1199, pt2B@p theymtei mal s o
lower bounds to the TSL so that actual fill rates may be higher, even without
customer switching. While the calculations for expected stockout, E(M>B), had been
developed for the case of complete backordering, it can be applied to this study
without backordering because Athe service |
insensitive to backorders or lost sales and gives essentially similar results in either
case or any mi x (rérsine, 1294, p. Z0. Wlong witkh definengne s 0
the reorder points in the program, the initiatteand inventory is also entered. Both
items have Q order size units (80 units in this study) diamd inventory at the start
of the simulation. For replenishing supply, whesrethe inventory position of either
product has been reduced to its reorder point, the retailer sends an order of quantity Q
to the supplier. Replenishment occurs after a constant lead time, L (5 days in this
study). It does not occur at the beginnin@afewly simulated day, but at a time
exactly L days after the customer purchase which has triggered the order so that the
two products are not reordered or replenished at exactly the same time unless by

chance.

The simulation program is then run for 3 x 3 x 3 factor levels (81
scenarios, though the first part of the study uses outcomes from 27 scenarios). Each
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scenario is replicated 30 times for a length of 5,000 days per replication, which is
double the suggestion of Law and Kel{@000, p. 512ho suggest 15 replications

per scenario for estimating the unit fill rate with an absolute error of 0.05 and
confidence level of 90%. The first 500 days of each replication is dropped as transient
data from the si mul a4pperiodssetermnedusirgla bi as.
graph of orhand inventory over time (sawtooth model) and truncating a period twice
as long as the time at which the sawtooth model enters a steady pattern. Fill rate
statistics, thus, are calculated from the consumer responsesdyosOd through

5,000. The simulation run time for each scenario is about 6 minutes, for a total

processing time of 8.1 hours.

2.4.3.1 Model verification and validation

Rand and Rust (2011) outline a rigorous process of verification and validation
for ABM research, comprised of 7 steps. The first 3 steps are verifying the model:
documentation, programmatic testing, test cases and scenarios. Documentation is
provided aghe sections on developing the ABM framework and on the experimental
design. Regarding programming documentation, ARENA uses adrnahtragand
drop modelling system for its backend code. All sections of the code are split into
their respective modulesitomatically, and descriptions are added within each
module of the function or calculations that take place at every step. The initial model
is completely deterministic in nature, with a known number of customers being

created for each product type andsubstitutability between them. This establishes
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the fundamental logic of the inventory tracking system, as outlined in the process
map. Upon validating initial simulation results from this model matched expected
(manually calculated) values, the first pbas building the model is complete with

unit testing. Additional phases include assigning customers a preference ranking,
assigning a normal distribution for product demands, and randomizing customer
arrival sequence. Every phase of development folloesdme verification

validation procedure until the model matches the process map presented in the ABM
framework. Code and debugging walkthroughs also take place at each phase and
when the programming is done. Formal testing of the final model, due todksastic
nature, is qualitative in nature. For example, if the TSLs are lowered (raised) the
resulting initial sales of the product also decrease (increase). Using logic in this step
as formal testing is the norm for ABM (Rand and Rust, p. 187) andveeialue

testing examines the relationships between inputs and outputs in this manner. The
corner cases were considered in terms of

following the unit testing process.

The remaining 4 steps are for validating thatARENA model corresponds
to reality: micre and macreface validation, empirical input and output validation.
For micravalidation, the components of customers switching (customers and items)
need to correspond to reabrld properties. In this simulatigsrogram, individual
customers each have initial preferences and will automatically switch to the alternate
item if they were already willing to substitute and face SHO. In realty, customers
have been shown (Zinn and Liu, 2001) to substitute, when faced®WID, if they
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stated such an intention beforehand. With regard to the supply (the items in the
simulation), stores in reality do use reorder points and target service levels. They do

face lead time, although that lead time may be stochastic in nature.

In terms of macrdace validation, this study focuses on the patterns that will
emerge from the customer switching environment, and thus cannot compare
simulation outcomes with known process outcomes beyond the existing contradictory
findings that switchingometimes increases fill rates and sometimes does not. For
empirical input validation, the range of substitutability between 0 and 100% reflects a
realistic range as does target service levels at or below 50% (Anderson, et al., 2006)
and up to 95%. Fomepirical output validation, this study rests mainly on stylized
facts of inventory management of substitutable items. There is novoedl data
testing, as no predictor model is being developed, and hocrass i dat i on, as it
optional validation pcess that compares the new model against another model that
has already been validatedo (Rand and Rust
FRH is not for validation purposes but to see how the interaction between customers

and items may yield scenariogntrary to risk pooling theory and the FRH.

2.5 Analysis

2.5.1Comparing FRH and ABMS outcomes

The simulation output generates the experimental estonal data

consisting of counts. There are 2,430 data points (81 scenarios times 30 replications,
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as countsjor every customer switching outcome, over all of the scenarios, for a total
of 19,440 different outcome outputs from the ARENA simulation. In addition to these
counts, the software also provides, for every replication of every scenario, the counts
of therandomly generated initial demand for each item and the number of initial
customers willing to switch. Since simulation values are all counts, they are converted
into rates so they can be compared to the FRH outcomes. Fig@rasd227 provide

an examp@ of the values to be compared for both views of a single scenario. In the
example, a random scenario has been picked with a TSL of 75% for both items, with

100% of focal customers and 50% of alternate customers willing to substitute.

The FRH outcomes amalculated in Figure-B according to the conditional

probabilities described earlier. In the example in Figuée & all of the focal

customers, 18.75% should be able to buy the alternateftem ( ™ Y Y.L

In contrast, only abdB% of alternate customef® T8t 0 p )@are able
to buy item X as a substitut8ince the core demand for each product and TSLs are
equal in this study, for easier interpretation of the results the calculations for each

product brach is taken separatelydD 0 0 O 0 1 for focal

itemX,and0 0 0 0 0 =1 for alternate item YThe sum of all
of the likelihoods for each customer do indeed equal 1: (0.75 + 0 + 0.1875 + 6.0625
1 for focal customer, and 0.75+0.125+0.09378 + 0.03125=1, with a small rounding

erro® 0.00003-for alternate customer).
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The corresponding rates in the ABM view are calculated using the
simulation outputs In the example provided, the average is taken of the 30
replications of the scenario to get a single mean count for each outcome and demand.
The example scenari obs yYwstomerge: 180H4 ues f or
customers not willing to subgite and 18,014 customers willing to substitute, for a
total of 36,028 customers. The average counts of the outcomes are: 24,855 for initial
purchases, 1,110 for buying the substitute, 5,570 and 4,464 for customers leaving
without a purchase. The sum bEse is 36,029 instead of 36,028 since these are
averaged count values. These counts are then turned into rates by dividing each count

by the average generated demand of 36,028.
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0
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0.5
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() p}=0.125

SL,,
0.75

Figure2-5 Example scenario calculations for FRH framework
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() Px + Py =0.7507

0 Ps=0

Would substitute:

36,018
Would not: P;:,y =(0.1876
0
P, =0.0617
P} =0.0308
Would substitute:
18,014 P%;x =0.1239
Would not:

18,014

36028 (1) pY=0.1546

O P} + PJ* =0.6907

Figure2-6 Example scenario calculations for ABM framework
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2.5.2Statistical analysis

This section presents the statistical analysis of 27 scenarios for the focal customer,
computed in Stata 13.1 (StataCorp, 2016). Since the demand and TSLs are equal in this
part of the study, the tables for alternate customers avelptbin the appendix
(Appendix Il1). A oneway ANOVA with a 81 independent variable (where 1 is the
focal customer) is not statistically significant over any of the 27 scenarios (maximum F =
3.90, p = 0.0532 ford 0 ). Far each customer switching outcome there
are two charts. The top chart lists the FRH value followed by the mean ABM value. The
bottom chart lists the difference between the two followed by-$atistic in parenthesis.

In this bottom chart, positive vads of the difference reflect scenarios where the ABM
sold or stocked out at a rate greater than FRH, whereas negative values are when the FRH

has sale or SHO outcomes occurring more often. In every chart, outcomes for scenario

are darkaed with a shaded box as that was the scenario used as an example in

section 2.2.3.

Due to demand distribution assumptions, the statistical analysis compares
outcomes from the two frameworks but also compares between scenarios for a better
understandingfovhat drivers (and their interactions) to customers switching the FRH
might have missed. ANOVA tests control for type | error in comparing mean scenario
values with one another, since there are 8 outcomes for 27 scenarios and repstded t
are prone taype l error. Aonevay ANOVA with Bonferroni cor i

using the 8 outcomes as dependent variables and the scenario number as the independent
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variable indicate significant mean differences between scenarios (minimum F = 15,153, p
<0.000)Tukeybs Studentized Range (HSD) is ¢
pairwise comparisons are required and sample size is equal, with 30 simulation

replications in every scenario.

Tukey groupings are a robust way of looking at the differencesketihe
means of the scenario outcomes, without getting caught up in the individual mean value
of any one outcome. Since the safety stock in the ABM was calculated using a continuous
(normal) distribution even though units of inventory are discrete, ithme values will
differ by a few units from the FRH, even when there is no customer switching. This
absolute difference in the values of both views might be important in a predictor model
instead of a descriptive model that explores how the two viewer diffooking at the
customers switching phenomenon overall. That is why Tukey groupings are more helpful
in this study to compare any differences in patterns across scenarios between the FRH

and ABM.

The Tukey groupings are listed as letters in the topgfaach of the 4-test
tables below. The |l etter AAO0O refers to t

highest mean, and so forth. Scenarios with the same letter do not have significantly
different values. For example, in the first table of reqTible 28), 0 0

has Tukey grouping values of AB with mean 97.45, while 0 has

o

n

he

Tukey groupings BC with mean 97.109. Since

they are not significantlyiflerent from one another. However) 0 5

significantly greater thand 0 while 0 0 is not
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significantly different. Similarly,0 0 is significantly less thand

0 while 0 0 is not significantly different.

Initial sales rates of focal customers in thi@H=differs from ABM. In the FRH,
this rate of sales is equal to the TSL, regardless of customer willingness to switch. In
terms of Tukey group |l etters, the nine TSL
while 75% should have u9 di Biea vec @irCar igo 0 ugpn c g
alternate customers are increasingly willing to switch to the focal item, the sales rate to
initial customers significantly drops at the 95% TSL from A to B to C, where all alternate
customers are willing to switch to XVhen looking at the rate of sales of alternate

customers of item X (the%set of charts in th&ppendix 1), it does not show the same
grouping pattern. Theré, has a significantly higher rate of sales than any of
the other &cenarios at that TSL. Indeed, the Tukey grouping pattern of alternate sales of

the focal item matches that@f charts in Table 40, where focal customers buy the

alternate item. Sinc&d 0 is greaterthand 0 but

0 is not significantly different than that means that the drop in the
initial sales rate of the focal item with increasing alternate customer willingness to switch

does not apear as an increase in the alternate sales rates of the focal item.

As the ABM varies in mean rates while the FRH does not, it also exhibits a
different pattern of rates within itself, depending on TSL. While TSL 95% consists of 3
Tukey groupings (A, B, I, TSL 75% consists of 6 groups (D, E, F, G, H, |) and TSL

50% consists of 5 groups (J, K, L, M, N). There is greater variation of outcomes at the
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middle level of inventory investment rather than at either end. The suggests that the
combination (interaatin) of customer willingness to substitute for focal and for alternate
customers have greater impact on initial sales at the middle level of inventory rather than
when SHOs rarely occur (TSL 95%) or occur extremely frequently (TSL 50%). When

inventory inveiment is at its lowest (TSL 50%) the initial sales rate is at its highest at

~

0 0 followedby 0 0 , in other words, with increased
symmetric substitutability. However, at the middle range (T5%) the lowest initial

sales rate occurs in full single direction substitutability 0 with the

highest initial sales at no substitutability 0 . At this TSL, increasing
substitutability decrases initial sales. Depending on the level of inventory investment

customer switching has a positive or negative effect on initial sales.

The reorder point as the measure of inventory investment in this study may be
linked to unintended supply factors whawstomer switching is involved. Indeed, the
reorder point at TSL 50% is negativé(@), which means the store is not going to reorder
until 40 initial customers face SHO. With a lead time that is half the time of an inventory
period and allowing for a SH@ngth that is also half of the inventory period (since mean
demand is 8) this means focal item X is going to be fully stocked every other inventory
period. With increasing alternaamdfocal customer substitutability, the reorder point of
the alternatétem may occur sooner than without focal customer willingness to switch.
This in turn may push alternate customers to the focal item to cause it to SHO (after it has
been replenished) even earlier than halfway through the inventory period. This shortened

period of availability would mean increased frequency of replenishment even if the SHO
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Xy
X+ P}

Target Service Level

Tukey group
FRH 50% 75% 95%
ABMS
M M M D D D A A A
None 50 50 50 75 75 75 95 95 95
— 51.35 51.35 51.21 77.82 77.82 77.82 97.72 97.72 97.72
2
= N K L F F E AB A A
.S Half 50 50 50 75 75 75 95 95 95
3': 49.30 54.25 51.98 74.58 74.60 75.07 97.45 97.48 97.55
=
3
@ N L J G | H C C BC
All 50 50 50 75 75 75 95 95 95
49,42 52.23 57.62 72.59 69.07 70.23 96.01 97.04 97.19
None Half All None Half All None Half All
Focal customers: buy Y if X is out (Subyy)
P;C( 4 P;y Target Service Level
Difference
(t stats) 50% 75% 95%
None 1.35 1.35 1.21 2.82 2.82 2.82 2.72 2.72 2.72
(94.19) (93.49) (49.30) (91.25) (91.25) (91.25) (94.34) (94.34) (94.34)
S
a
§ Half -0.70 4.25 1.98 -0.42 -0.40 0.07 2.45 2.48 2.55
f (-17.67) (106.90) (39.53) (-8.57) (-10.43) | (1.99) (77.03) (83.63) (102.20)
=
>
3
o
All -0.58 2.23 7.62 -2.41 -5.93 -4.77 2.01 2.04 2.19
(-5.51) (13.00) (102.80) (-48.60) (-96.88) (-130.0) (63.22) (55.94) (63.31)
None Half All None Half All None Half All

Focal customers: buy Y if X is out (Subyy)

Table2-8 Initial item sales rate for focal customers
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duration and lead time remain the same. The incraapdehishment may mean higher
levels of orhand inventory overall than the store expects to hold at such TSLs, because

of the alternate demand of customer switching.

The SHO duration may even decrease because more than the expected D
customers try to buy the item, with the addition of alternate custometd,-BLy). Thus
the 4,5068day length of the simulation may have a greater number of replenishments at
TSL 50% with increased substitutability than no substitutability. This incleals®©
frequency and replenishment may allow for a greater proportion of arriving focal
customers over the entire time period to buy the focal item. While it has been said that
more frequent replenishment is a factor in the inventory anomalyy and Schige,
2009), the increased replenishment frequency itself may be a result of a combination of

inventory investment and willingness to switétt.higher inventory investment levels,

however, the initial sales with full substitutabilityd) 0 I Q0
0 are significantly lower than with no substitutabilityd
0 I 0

Thed charts in Table B list the proportion of initial custom®who are not
willing to substitute and leave when faced with SHO. It is a SHO frequency for initial
customers of the focal item which avoids double counting, since the customers who are
willing to switch are not included in these rates. In the FRH, ttages are simply the
conditional probability depending on the TSL and the focal customer willingness to
switch. As such, when focal customers are all willing to switch theutcome is 0

while at other times outcomes do not vary by alternate custweitiegness to switch,
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P 6 Target Service Level
Tukey group
FRH 50% 75% 95%
ABMS
B E Q H K N P
None 50 25 0 25 12.5 0 5 25 0
= 48.65 24.35 0 22.18 11.12 0 2.28 1.14 0
S
,“2,
5 A G Q D J M P
o Half 50 25 0 25 12.5 0 5 2.5 0
; 50.70 2291 0 25.42 12.74 0 2.55 1.26 0
>
@ A F Q C I L 0
All 50 25 0 25 12.5 0 5 25 0
50.58 23.89 0 27.41 15.47 0 2.99 1.48 0
None Half All None Half All None Half All
Focal customers: buy Y if X is out (Subyy)
Pﬁ Target Service Level
Difference
(t stats) 50% 75% 95%
None -1.35 -0.65 - -2.82 -1.38 - -2.72 -1.36 -
(-94.19) (-20.12) - (-91.25) (-56.62) - (-94.34) (-86.64) -
S
a
3 wap | 070 2.0 - 042 024 - 245  -1.24 .
f (17.67) (-52.09) - (8.57) (7.62) - (-77.03) (-72.12) -
=
>
3
o
All 0.58 -1.11 - 2.41 2.97 - -2.01 -1.02 -
(5.51) (-11.44) - (48.60) (66.66) - (-63.22) (-47.04) -
None Half All None Half All None Half All

Focal customers: buy Y if X is out (Subyy)

Table2-9 Initial item SHO rate for focal customers
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according to the FRH. However, the ABMS does show varied outcomes depending on
alternate customer willingness to switch, witisreasing SHO rates as substitutability

increased in contrast to traditional risk pooling theory.

An interesting outcome is that initial customers face more SHO at TSL 75% if

alternate customers are willing to switch ( and0 ) than at TSL50% when
half of the focal customers are also willing to switah (( ,0 hand
0 ). In other words, the store loses up to 5% ( 0 more focal

customers with higher inventory investment and-aag substitution as opposed to two
way substitution and lower inventory. In the FRH, the SHO rate is 25% for all of these
scenarios (Tukey groups C, D, H and F, G, E in Tal9 dhe directhn of the

difference between FRH and ABMS outcomes (whether SHOs are above or below 25%)
depends on the direction of the substitutability. Tabdes2iggested that initial sales of

the focal item would go down as alternate customer willingness to substiceeased
because alternate demand sales increase. When alternate customers switch to the focal
item at TSL 75% (the bottom two rows of the chart) there are fewer units of the focal

item for the initial customers to be able to purchase. For these sxetieriFRH
underestimates SHO rates. The outcome at shows a significantly higher SHO
rate thar) (Tukey group E is greater than Tukey group H), but increased SHO
rates (Tukey groups C and D are greater than F and G) when therenayne
substitution towards the focal item. This supports Gilland and Heese (2013) findings

that customer order arrivaéquence affects product allotment, as the initial customers

face SHO more because of prior purchases by alternate customers.
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At the highest level of inventory investment, the SHO rates in TaBlagpear to
be much smaller in the ABMS than in the FRIddeed, that is the general pattern in this
chart outside of the scenarios mentioned above. Looking at the bottom chart in this figure
and the bottom chart in Table&of initial sales, it is possible to separate scenarios where
the difference is not due customer switching. All 3 scenarios where no customer

switching is possible have mirroring differences. For example, the difference between
FRH and ABMS for0 0 is the same as the differencéat in

opposite directions (1.35 and.35 respectively). These are normal distribution

assumption differences and can be ignored.

The focal customerés purchase of- the al
10. Naturally, both the FRH and ABMS have the valuegh@never the focal customer is
not willing to substitute. In the FRH the greatest proportion of focal customers who buy
the substitute item is when the focal item has minimal inventory investment (TSL 50%)
and all focal customers are willing to switch féwt, the order for the scenarios from

z ~ z

largest substitute sales to smallest-zero rate ared >0 >

5 z 5 z 5 z 5 z

0 >0 >0 0 rtwhere the asterisk (*) refers to

all levels of customer willingness to switch for the alternate customer. In contrast, the

FRH varies in substitute fil!/l rates depend
behavior. Indeed, the outcomes vary thetnad3 SL 50% (7 Tukey groups) and the least

at TSL 95% (5 Tukey groups).

Generally speaking the FRH and ABM frameworks are in accordance, where

higher levels of inventory investment have smaller proportions of focal customers buying
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the alternate item, Ibthere are a few notable differences. First of all, the highest two
substitute sales rates occur at the medium level of inventory investment (TSL %75)
which again implies that there is such a thing as too few SHOs (at TSL 95%) and too
many SHOs (at TSL 36) for the switching phenomenon to occur. Second, a very high
inventory investment with full twevay substitutabilityp , results in the same
fill rate as a very low inventory investment with twmay substitutability when only Hal

of the customers are willing to switéh *. This also implies that low switching can
be due to too low SHOs or too high SHOs. Third, at the very low inventory investment

scenario the FRH overestimates hamwuch substitution will occur by about

10%. With full twoway substitutabilityd the difference is almost 20%. The
FRH overlooks the impact of switching behavior on driving SHOs. In other words, the
FRH framework does recognize thapply driver of SHO, the inventory investment

level. It does not recognize the demand driver of SHO, prior purchases from customers
who have switched. This coincides with the earlier discussion about Fdblstiere the
FRH accounts for the first fewegis of increasing inventory or substitutability, but does

not incorporate how interconnected the outcomes are, and ignores the subsequent steps.
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Xy
PY

Target Service Level

Tukey group
FRH 50% 75% 95%
ABMS
M E B M H F M L
None 0 12.5 25 0 9.38 18.75 0 2.38 4,75
= 0 10.17 18.95 0 6.31 9.63 0 1.09 2.15
_g
52}
= M I C M D B M KL
'g Half 0 12.5 25 0 9.38 18.75 0 2.38 4,75
,?:‘ 0 2.75 14.72 0 12.12 18.76 0 1.21 2.37
5
@ M G H M D A M K
All 0 12.5 25 0 9.38 18.75 0 2.38 4,75
0 6.98 6.23 0 12.39 29.06 0 1.44 2.73
None Half All None Half All None Half All
Focal customers: buy Y if X is out (Subyy)
P;y Target Service Level
Difference
(t stats) 50% 75% 95%
None - -2.33 -6.05 - -3.06 -9.12 - -1.29 -2.60
- (-51.03) (-140.0) - (-50.22) (-120.0) - (-78.53) (-81.50)
S
a
§ Half - -9.75 -10.28 - 2.74 0.01 - -1.16 -2.38
2 - (-200.0) (-79.51) - (60.37) | (0.10) - (-76.14) (-90.93)
=
>
3
o
All - -5.52 -18.77 - 3.02 10.31 - -0.94 -2.02
- (-42.17) (-180.0) - (32.05) (295.30) - (-46.30) (-56.21)
None Half All None Half All None Half All

Focal customers: buy Y if X is out (Subyy)

Table2-10 Alternate item sales rate for focal customers
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The chart on SHO outcomes of focal customers who were willing to substitute
(Table 211) illustrates the role of inventory investment on the customer switching
phenomenon. At the highest inventory investn@®L 95%) the scenarios all belong to
Tukey group L. That is the same group as the scenarios with no focal customers willing
to switch where FRH and ABMS are both 0. Naturally, if the store has enough inventory
of each item it will not only be able to meéké demand of initial customers but also
alternate customers, who likely approach their alternate item in very small numbers
anyway. On the other end of the spectrum, the SHO rate with the highest difference
between the two perspectivesis where about 10% more customers face
their second SHO than the FRH expected. This is the scenario discussed earlier, where
ABMS showed a higher rate of initial sales than expected, from which it was reasoned
that quicker or earlier SHO leadnwore frequent replenishment of the focal item. There
is also a much smaller rate of alternate sales in this scenario in the ABMS outcome; the

focal customers simply cannot buy item Y in proportions that the FRH assumes they will.

The design of the expenent assumes that the mean daily demand of each item is
equal, as is the inventory investment level and initiahand inventory, so that there
should be no difference in retailer supply. In other words, at TSL 50% both items should
run out of inventoryn 5 days, since only that much inventory is ordered for the expected
demand over 10 days. At day 5 if the focal item stocks out since all focal customers are
willing to switch any time after the focal item is SHO all the focal customers check the
shelf forthe alternate item. The alternate item has stocked out at this time too, or due to
random order arrival sequence a few focal customers are able to buy the alternate item,
while the rest leave without sale. The retailer cannot take advantage of riskgpoolin
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Xy
PO

Target Service Level

Tukey group
FRH 50% 75% 95%
ABMS
F C L | G L L
None 0 12.50 25 0 3.13 6.25 0 0.13 0.25
= 0 14.13 29.84 0 4.75 12.56 0 0.05 0.12
3
5 D B L K H L L
o Half 0 12.50 25 0 3.13 6.25 0 0.13 0.25
.?:‘ 0 20.08 33.30 0 0.55 6.17 0 0.04 0.08
>
© E A L J K L L
All 0 12.50 25 0 3.13 6.25 0 0.13 0.25
0 16.90 36.16 0 3.07 0.72 0 0.04 0.07
None Half All None Half All None Half All
Focal customers: buy Y if X is out (Subyy)
Pﬁy Target Service Level
Difference
(t stats) 50% 75% 95%
None - 1.63 4.84 - 1.63 6.31 - -0.08 -0.13
- (42.56) (105.90) - (26.31) (76.33) - (-24.38) (-17.14)
E
a
§ Half - 7.58 8.30 - -2.58 -0.08 - -0.08 -0.17
2 - (160.90) (95.54) - (-71.38) = (-0.58) - (-22.26) (-31.29)
=
>
3
o
All - 4.40 11.16 - -0.06 -5.53 - -0.08 -0.18
- (76.51) (141.80) - (-0.87) (-190.0) - (-26.40) (-26.58)
None Half All None Half All None Half All

Focal customers: buy Y if X is out (Subyy)

Table2-11 Alternate item SHO rate for focal customers
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because the inventory investment is too low to allow for an alternate purchase. If some
focal customers are able to buy the alternate item,tthatin6 s r eor der poi nt
earlier because the rate of demand arrival has increased with the alternate demand of
these focal customers. Since lead time is deterministic the earlier reorder point results in
the earlier replenishment where newly arrivingal customers within the-50 10-day

period are able to buy the newly replenished focal item. Alternate customers are also able
to buy the newly replenished item at this time, before their own item is replenished. Over
time the two items which initiagllhave the same exact supply characteristics may be

pushed further and further out of sync so that the composition of the customers

demanding each item changes even further.

Although the question of whether replenishment orders are in or out of sync
because of differing inventory levels is beyond the scope of this study, different levels of
substitutability could be considered akin to different inventory investment levels and are
considered in this study. With asymmetric substitutability the reordet gauld be
reached sooner for the item that customers are more willing to switch to than the item that
has much lower alternate customer demand. In Tallk the outcomes at TSL 75% and
50% each vary by scenatithere are 6 Tukey groups at each TSusphe non
switching group outcome L. The FRH assumed there would be 2 different mean
outcomes, instead of 6. At TSL 50% there is no clear difference between the two
scenarios where customer willingness to switch are equal and the two scenarios where
more customers switch in one direction than another. All 4 scenarios at this inventory
investment level show a stark difference between the FRH and ABM perspectives so any

role of asymmetric substitutability cannot be distinguished.
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Observing all of the outsmes for focal customers by TSL is necessary since it
appears that the FRH is not capturing the outcomes emerging from interaction effects and
the way it differs from ABMS depends on the TSL. The following 3 illustrations (Figure
2-4, 2-5, and 26) illustrate how the FRH has significantly over underestimated
switching outcomes for all focal customers. In the illustrations there are circles and
arrows. Tiiesiymbodmsdifmsi de the circles are
arrows. The arrows goom where the FRH overestimates an AMBS outcome to where it
underestimates an ABMS outcome. Whenever a scenario outcome is impossible, there is
a circle with an X in it. For scenario outcomes where the FRH and ABM are not
significantly different, there igo circle. Furthermore, the different levels of significant
difference are identified by the circle outlines. Differences below 2% are illustrated with
a tight dotted line and are negligible differences since even thewitching scenarios
yield different outcomes due to the continuous distribution assumption mentioned earlier.
Differences above 2% have different patterns. Those below 5% have adhgted
pattern, below 10% but at least 5% difference is illustrated with a dashed line, and below
15% butat least 10% difference is a solid line. For a considerably large difference
between the FRH and ABMS outcomes, the circle has a thick solid line (less than 20%
difference, but at least 15%). Scenarios with no significant difference between FRH and

ABMSout comes are il lustrated with a thin sol

When the inventory investment is very high and SHO infrequently occurs, the
FRH is a useful rule of thumb for retailers. Figuré ilustrates that overall, the FRH
generally underestiates the proportion of focal customers able to buy their initial item.

Even if all alternate customers are willing to buy the focal item (row 3 of Figdje 2
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Figure2-7 Difference between ABM and FRH at 95% TSL
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the difference between the FRH and the ABMS is similar to the difference when no
switching is possible (row 1). When the focal customer is willing to substitute, then the
FRH overestimates how many focaistomers will face SHO, as evidenced by the last

two columns where the circles both have negative signs. Since the second column
(leaves, no purchase) is also negative whenever there are any focal customers who are not
willing to substitute, it follows ta overall pattern at this TSL that the FRH

underestimates the initial sales of the focal item, and overestimates the alternate sales and
SHO rates. Alternate customers are still able to buy the focal item as a substitute, just not
at FRH rates. For the aaler at this level of inventory investment, using the FRH is

useful because the proportion of focal customers able to buy their initial item will be at
least what they can expect by using the FRH. They need not be too concerned of
customer willingness teubstitute in either direction and can still take advantage of risk

pooling to capture otherwise lost demand.

At the other extreme, when the inventory investment is very low and SHO
frequently occurs, in using the FRH the retailer must consider thetstddstity between
items, but especially the alternate demand of the focal item. Figuitugtrates that the
FRH underestimates initial sales rates, just like at 95% TSL, in all but two cases (rows 2
and 3). If there are any alternate customers willbuy the focal item but no focal
customers willing to buy the alternate item as a substitute, then the FRH overestimates
how many initial customers will actually be able to buy the focal item. The FRH
overlooks the interconnectedness of customer singabutcomes when it comes to the

impact of increasing alternate customer willingness to swit€Ist in last
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Figure2-8 Difference between ABMindFRH at50% TSL
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column of Table 21). TheFRH also overestimates how many focal customers will be

able to buy the alternate item. A comparison of the bottom two thirds of this table with

the table at 95% (the fourth row and below of each table), show a similar underestimation
of buying the focaltem and overestimation of buying the alternate item. In contrast to

the 95% TSL, however, the FRH underestimates how many focal customers will face
SHO twice and leave with no purchase even though willing to switch to the alternate
item. With full substittability in both directions (bottom row of Figures) the FRH
overestimates the number of alternate purchases by over 15%. There simply is not
enough stock for switching to occur as the FRH expects, so even if the alternate demand
size is for the alternatitem is larger (Table-2, step 4 of last column) it does not mean

that sales too will increase (Tablel2step 5 of last column). Indeed, the proportion of

that alternate demand size that faces SHO is larger than according to FRH. At this level
of inventory investment overall, increasing alternate customer willingness to substitute
leads to worse sales outcomes (since both initial and alternate sales of the focal customer

are lower than expected), contrary to risk pooling theory.

Between the two extrees is when inventory investment is at a medium level and
the observed pattern in differences between the FRH and ABMS outcomes is unique for
scenarios with twavay substitution (Figure-8). In oneway substitution, the observed
differences are similar tihose at 50% TSL. When alternate customers are the only ones
willing to switch, the FRH overlooks how alternate demand for the focal item reduces its
supply for its initial customers. When focal customers are the only ones willing to
switch, the same dynac results in fewer focal customer alternate purchases than

expected. For twavay
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Figure2-9 Difference betweeABM andFRH at 75% TSL
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substitution the observed pattern of differences betweendfRFABM are not observed

at the other two TSL levels. At this meditlavel of inventory investment, the FRH does
not consider the combined increase of alternate sales of alternate item and decrease of
initial sales of focal item (Table-2, steps 3 and Milast column, steps 6 and 2 in
seconeto-last column). Since there is a compound impact of increased substitution in
both directions that the FRH does not account for, it overestimates initial sales of the

focal item and underestimates alternate saléiseodlternate item.

There is one scenario at this level of inventory investment where there is no
statistically significant difference between the FRH and the ABMS outcomes. This
occurs when all focal customers are willing to switch while half of thenaite
customers will switch (Figure-8, second from bottom row). This is the scenario that was
used for the example on calculating the theorized fill rates in the FRH and the actual fill
rates from the ABMS. The mirror opposite of this scenario, whefehfdcal customers
and all of alternate customers would switch, does have significant differences. This
implies that an illustration similar to Figure62 but focusing on alternate customer
behavior instead would have a scenario where initial and ateepurchases would be
sufficiently expected by the FRH when all of alternate customers and half of focal
customers would switch. While looking at all possible outcomes for the focal customer is
already complicated, the question remains of how to simuteshefocus on customer
demand and on item supply at once (all 8 outcomes instead of 4 for the focal customer or
for the focal item). This is more of a theoretical question as the practical applications of a

scenario with no significant difference from tABMS outcomes means the FRH is a
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useful rule of thumb for the retailer, especially if the initial customers for one item are

more fAkeyo or focal to the retailer than

The difference between focusing on items or focusing on customers is again
highlighted when looking at the 4 switching outcomes of the focal customer to
numerically see where differences in one outcome is absorbed by the others. This can be
done by looking at the numerical differences between the two perspectives (the bottom
chart n each ofTables2-8 through 211). For the scenario where the TSL is 50% and
half of both customers are willing to switch, the differences between perspectives are:
w0 O 18 w0V ¢8t hw U o Uwd X® @The sum of
differences is about 0.018®d this fraction is likely due to rounding error. Summing the
two SHO differences as well as summing the fill rate differences shows that overall the
focal customer stocked out about 5.5% more than the FRH estimated and sold less than
expected to focalustomers in about the same percentage. This scenario is an example of

when customer switching hurts retailer performance. Raising the inventory investment

f or xbOyS®s | fie v e-way substitutability from TSL 50% to TSL 75% results in

a 10% greaterate of substitute sale8d ( 0 while raising it to TSL

95% results in a lower substitution rate. But over all of the four outcomes the differences
between the two views drops from 5.5% to 2.3% and ther8®%, giving the

impression that the FRH sufficiently captures customer switching as inventory
investment is higher. However, it is capturing demand instead of customer behavior. The
customer behavior of greater switching rates than expected is losagbesgating the

SHO and fill rates. Furthermore, these four outcomes do not really reflect how items are

stocked and focus only on the outcomes customers reach by falling into different paths.
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Looking at an itemds f i |dteartletsanetmneiswe |l | as
necessary but not what this analysis accomplishes. That is the goal of the second part of

this study.

2.5.3Assessing the impact of customer switching on fill rates

The analysis of drivers to customer switching provided a close look on how the
FRH and ABMS differ in terms of customer outcomes (of capturing switching) but it did
not provide a look of item outcomes or overall sales and SHOs. Certainly, a combination
of the 8 outcomes can allow for looking at switching with an item focus or with an
overall focus, but those would all be individual analyses similar to that of the last section
on customer outcomes. Additionally, none of the outcomes are at the aggredait leve
fill and SHO rates which are used in practice and research. The close look was necessary
to see where the FRH could overlook interaction effects even when inventory investment

levels were equal and replenishment initially occurred at basically thestgam

2.5.3.1 Fill rate calculations

The fill rate calculations (Table-22) use almost identical notation as the
customer switching outcomes, but use the I&terstead ofP and D instead of p. This is
because the calculations take the count values frerABMS instead of the rate
outcomes from the first part of the study. The counts for demand are: focal customers
who are not willing to substitute () focal customers willing to substitute §[p
alternate customers not willing to substitutg)(Bnd alernate customers willing to

substitute (LX). The calculations for item Y are in smaller font and italicized because
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they are not included in the multivariate analysis. This is because the design experiment
has every combination for X and for Y, just likethe switching outcomes tables, they
would yield identical results. They are still included in the chart to show the full range of

fill rate types and give a more complete overview of which outcomes are used where.

Fill rate Description Calculation
For item X:
. 0 0 0
The fraction of - _ _
initial and alternate demanc 60 © O
Item
able to buy _ _
the focal item Foritem Y- .,
(0] (0] (0]
O © (@)
For customer X:
_ 0 0
The fraction of o O
"y customers
Initial
able tobuy For customer Y:
their initial item ) B
O ©°
For customer X:
The fraction of ° : ° : °
customers o ©
Customer
able to buy _
their initial or alternate item For C“Stgmer g g
O ©
The fraction of total demanc P 8 P & & 8
Category able to buy

any item o0 O o0 ©

Table2-12 Fill rate calculations using ABM8enerated counts
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2.5.3.2 Statistical analysis

This second part of the study uses Stata 13.1 (StataCorp, 2016) in analyzing the
size effects of the customer switching phenomenon in terfiesiotlifferent fill rates:
item, initial, customer, and category. There are 2,430 observations from the simulation, 4
outcomes (dependent variables) and 4 experimental parameters (independent variables).
As the null hypothesis is that there are no difiees between the mean values of the four
fill rates over the switching factors, the MANOVA provides a global test of whether they
do vary. After the MANOVA separate univariate ANOVAs are listed for the main and

interaction effects that are found to be gigant in the MANOVA. The results are listed

inTable21 3, where CWS stands for Acustomer wil

While there are four different test sta
Hotellingds Trace, Royds LadgesseRo®i ]|l and
Pill ai s trace can be used when group si ze

this experiment and is the most robust of the statistics as it does not require equality of
covariance mat r i c e sul@asBunmptiorsof ldmoscedadticityweth ect s
(6) = 15,699.30, p < 0.001)). With Pillai
Boxo6s Test t o c o r{Mertler &RachelnP005,pelddd s t Haoyest sy

Root has the most power of the 4 tests when there are highly correlated dependent

variables (the fill rates are all comprised of a combination of the same customer

switching outcomes with lowest correlation between initial and category fill rate at

0.6626 and highest correlation at 0.9926 between initial and item fill rates). As an upper

bound test statistic Roy©6s 1,168,775 € 6524Rp ot al
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=11422.84, p<0.001), just as all four test statistics show the same mesettas of level
of significance. Additionally, instead of
test statistic in MANOVA research (Mertler and Vannatta, 2005, p. 121), this study uses

partial eta squarégi() measures to see how big the relaship is between the fill rates

and the customer switching drivers. Wil kséo
the number gets smaller, the effect gets larger. Eta squared is obtained/byl(k 6 s

Lamda) so that thé value increases as thiees effect increases.

Using Pillaidés trace, al/l i nteraction a
(p<0.001) except for SI* SLv, which are the item inventory investment le\d4,

2411)=1.67, p=0.15407  0.0028).No univariate analysis resslare provided for this

two-way interaction term in the ANOVA post hoc, which explains the corresponding
incomplete row in the results Tablel3. The univariate ANOVA for the category fill
rate shows that every term included in the calculations hasificagt effect on this

aggregate term. The largest of the effects on category fill rates are equal fn size (

0.30, p<0.001) and show the 60% of the variance of category fill rates can be explained
by the inventory investment of both item X and Y eTriext largest effect on category fill
rates is the twavay interaction term of customer willingness to switch, SIJBSUByx

(A 0.03, p<0.001). The-Bay interaction of these two switching factors with an

additional term for inventory investment (SWB* SUByx * SLi) also have the same

effect size.
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Switching Multivariate | Item (X) Customer | Initial fill Category | Test
drivers results fill rate fill rate rate fill rate statistics
- 0.87 0.86 0.88 0.80 0.25 Pillaid
Egclz_alsltem 4120.24%% 6890.49** | 2895.73** | 7816.20** | 1054.89*** | F-ratio
(Skx) 0.14 0.74 0.76 0.76 0.30 Partial
- 0.84 3.13x1064 2.5x103 8.3x105 0.25 P
?I\Qt;el:_rngtl_e item 3206.00%** 2.51 8.24%x* 0.81 1055.92%+* F
(Sky) 0.12 1.0x103 3.4x103 3.3x103 0.30 h
0.18 3.2x105 4.9x104 3.2x104 0.01 P
Focal CWS 130.69%** 2.51 1.60 3.11* 57.58%%* F
(Sulxy) 2.6x10% 1.1x104 6.6x104 1.3x103 0.02 h
0.23 0.02 0.04 0.03 0.01 P
écséna;e 183.85%** 141.68*** 140.37%* 278.51%* 55.42%%* F
(Subx) | 7.0x10¢ 0.06 0.05 0.10 0.02 h
SLX*SLy | 'er .
0.12 1.9x105 1.5x104 1.7x104 8.4x103 P
Slx * Subxy | 84.29% 0.15 0.50 1.68 36.20%** F
5.2x105 6.2x105 2.1x104 1.1x103 0.01 h
0.62 0.11 0.12 0.10 1.5x103 P
Slx * Subyx | 985.86%** 854.06%** 395.94%** 958.22%** 6.5%* F
0.04 0.26 0.14 0.28 2.7x103 h
0.50 7.2x105 0.18 1.7x104 1.4x103 P
SlLy * Subxy | 605.47%** 0.58 588.83*** 1.68 5.88%* F
0.02 2.4x104 0.20 7.0x104 2.4x103 h
0.17 0.01 0.03 0.02 8.1x103 P
SlLy * Subyx | 120.33*** 87.84%** 93.93 183.34%** 34,77 F
2.1x104 0.04 0.04 0.07 0.01 h
Subey * 0.11 5.9x106 0.02 0.03 0.02 P
Suly 78.24%++ 0.47 B1.52%* 270.09%** 52.61%** F
Ubrx 3.7x105 2.0x104 0.02 0.10 0.03 h
* « |0.38 4.3x105 0.11 1.4x104 8.4x104 P
ng SLy 372.42%%* 0.34 363.81%** 1.34 3.63* F
ulbxy 5.3x103 1.4x104 0.13 5.6x104 1.5x103 h
* %« | 0.50 0.06 0.07 0.06 9.3x104 P
ng SLy 592.10%** 5O1.77*+* 245 59%+* 590.26*** 4.02% F
ubrx 0.02 0.17 0.09 0.20 1.7x103 h
* 0.10 5.4x106 0.02 0.02 0.02 P
:Q’LX Subxy 63.58%** 0.04 62.99%** 210.70%** 75.87%+* F
Subyx 2.5x105 1.8x105 0.03 0.08 0.03 h
* 0.09 4.9x104 0.02 0.02 0.02 P
> ;Y SUbcr | 5 o 3.93% 50.35%* | 166.23%* | 75.75%+ F
ubyx 1.6x105 1.6x103 0.02 0.06 0.03 h
SlLx * Spy * 0.06 2.5x104 0.01 0.01 0.01 P
Sulxy * 40.40%+* 2.02 41.31%* 121.61%* 5.43%%* F
Subyx 3.2x106 8.4x103 0.02 0.05 0.02 h

Table2-13 Multivariate and univariate test results
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Since initial and item fill rates are defined by similar customer switching
outcomes (as illustrated in Tabléb2section 2.1.1.1 description of fill rates), their results
are compared with one another. For itdhrate, 5 of the terms have a significant effect,
while for initial fill rate there are 9. The two differ in terms of: focal customers willing to
substitute (Subr), two-way substitution interaction (Sub* Subyx), focal item
inventory investmentandot h cust omer sd wixI*ISibxg8less t o s
and the fowway interaction term of all of the customer switching drivers &tb
Subrx * SLx* SLy). In each one of these cases the initial fill rate is significantly affected
while item fill rate is not. It would be wrong to infer that customer switching does not
impact item fill rate as the effects of alternate customers willing to substitute are

significant as a main effect (Syb /7 = 0.06) with even greater interaction effectsSL
Subrx # =0.26 and Sk&* Subyx /7 = 0.04 as well as SI* SLy * Subyx # =0.17).

Together these effects can explain more than half of the variance
(0.06+0.26+0.04+0.17=0.53) of the item fill rate and the S&ubyx interaction effect

on its ownis considered large since it is above Q(Q&iversity of Cambridge, 2018)
Comparing the two rates, the item fill rate is affected by alternate customers willing to
switch to the focal item when their initial preference is SE@ the initial fill rate is

affected by not only alternate customers but also focal customers willing to substitute.

The customer fill rate, which is a combination of purchases of the focal and
alternate items by the focal customer, differs in theiBa@ance of effects as compared to
the item and initial fill rates, by one main switching driver. The inventory investment of

the alternate item has a significant main effect/(8L= 0.0034) and interaction effects
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(SLy * Subxy # =0.20 and Sk.* Subxy * SLx # = 0.20) on the customer fill rate,

while the effect on item and initial fill rate are not significant. This makes sense since the
focal customer has to be willing to switch to the alternate item which has to be in stock
for the substitute yrchase to occur. Significant effects in the following illustrate that
customer fill rates are closer to initial fill rates than to item fill rates: thewas

interaction of customer willingness to switch, and the thvag interaction of these two
subsitutabilities and the inventory investment of the focal item. It is not surprising that
the customer fill rate is impacted in a way that is more similar to the initial fill rate than
the item fill rate because the numerator of the customer fill rateradkmes the initial

sales which is the numerator of the initial fill rate. Furthermore, since their denominators
are the same (demand for the focal item by focal customers) the customer fill rate should
always be larger than the initial fill rate becausadludes alternate sales in the

numerator as well.

Finally, looking at the univariate results by the factors instead of by the dependent
variables can provide additional insight. For the inventory investment of the focal item,
the smallest impact appsao be for the category fill rate (814 = 0.30) while it can

explain most of the variance in itemh = 0.74) and initial fill rates/f = 0.76). The

alternate itemds inventory investment expl
its effect on item and initial fill rates are not significant, while its effect on customer fill

rates is significant but negligible (814 = 0.0034). Interestingly the main effects of

customer switching, even if significant, are negligible compared to thand23way

interaction effects. For example, focal customer willingness to substitute can, at most,
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explain 2% of the variance of thategory fill rate, but it can explain 20% of the variance
of customer fill rate when considered in combination with the inventory investment of the

alternate item (SL* Subxy A = 0.20). Similarly, alternate customer willingness to

substitute can sigficantly explain 210% of the variation of all the fill rates, but its
impact increases to 288% when combined with focal TSL and up teZ2® when
combined with both TSLs on item and initial fill rates. Though it was theorizedhihat
impact of inventoy investment (TSLs) would be larger for item fill rate than it is for the
customer fill rate, the largest effect sizenof 0.76 is for the customer fill rate while

h  0.74 is for the item fill rate. Similarly, the customer willingness to switch has a

greater impact on item fill rat&s(  0.06) than on customer fill rate ( 0.05).

2.6 Conclusions

The first part of this study examines customer switching by comparing the
outcomes of the phenomenon through FRH and ABM frameworks. The FRH is simply
the conditional probabilities of the outcomes, assuming independent initial demand
streams for each itefihe ABM uses a simulation (ABMS) to recreate the store
environment without making any assumptions at all about the outcomes and also
assuming independent initial demand streams for each item. Comparing and contrasting
the outcomes from the FRH and ABM ppectives shows that while the FRH on its own
may not be able to completely account for the customer switching phenomenon, it can be

a reasonable guide whenever its sales outcomes are a lower bound. A lower bound is
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whenever the sales outcomes from the A8Md at least as much as what the FRH

predicts they will be.

Focal item sales
To focal To alternate
FRH versus ABMS Ncustonjers cu§tomers
O 0 ) (0 )
Sold significantly more 19* 3
No significant difference 1 10*
Soldsignificantly less 7 14

Table2-14 Overview of FRH and ABM differences

A tally of the outcomes is in TableX, where the 27 scenarios (columns) of this
part of the study are split into whether the ABBI8comes show significantly greater
sales or not, when compared to the FRH. If sales through ABMS are more than FRH
probabilities, or there is no significant difference, then using such a simple rule of thumb
(FRH) is useful and warranted. Scenarios wimereustomers are willing to substitute
are marked with an asterisk (*) in the table. For focal customer purchases of the focal
item, the FRH is useful 20 out of 27 or 74% of the time. For focal item sales to alternate
customers, the FRH is useful only 4@t of 27 or 48% of the time. The same pattern can
be seen for the alternate customer, where the FRH is more useful for initial sales than it is
for alternate sales. Instead of customers, if the retailer is focusing on items, then the
performance of theRH is somewhere between its views on outcomes for initial and
alternate customers. For either item, 33 times out of 54 scenarios or 61% of the time the

FRH6s framework is useful for approxi matin
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When does the FRH overlook ¢omer switching outcomes? The FRH
overestimates how many initial customers will buy their item when inventory investment
of both products is not high (St 50% or 75%) and alternate customers are willing to
buy that item (Suk = 50% or 100%). In other wds, if there is onevay substitution
towards the focal item, the FRH overlooks the possibility that focal customers may not be
able to buy the item because of alternate customer purchases. This is to be expected from
the topdown view of the FRH where ssititution takes place on the condition that all
initial demand is met and then there is excess inventory for subsequent alternate demand.
The FRH also overlooks the interconnectedness of customer switching outcomes (Table
2-4) with two-way substitution athe medium inventory investment level. Focal
customers are unable to buy the focal item at FRH rates because: (1) alternate customer
willingness to switch takes away units of the focal item from initial customers, (2) focal
customer willingness to switchkes away alternate item units so that a greater number of
alternate customers switch to the focal item, decreasing supply for initial customers. The
FRH overlooks this combined decrease in initial sales only at the medium level of

inventory.

Howdoescusomer switching i mpact a storeds
depends on the type of fill rate the retailer chooses to measure as the fraction of demand
its inventory investment is capable of meeting. If looking at the overall category fill rate,
all of the drivers of customer switchiigboth main and interaction effeétdhave a
significant effect on outcomes. When setting target service levels goals on one item, the
TSL of the other item and both directions of willingness to switch should be considered

in tandem. In contrast the (unit) fill rate for a focal item mainly depends on its own level
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of inventory investment and what proportion of alternate customers are willing to buy it if

they are faced with SHO. If the retailer has a fpglority customer, ini@al or customer

fill rates would be the appropriate performance measure. For both measures, the largest
impact is simply the inventory investment (TSL). For the customer fill rate, the retailer

needs to consider the TSL of the alternate item in relatiosrh&d proportion of that

itembébs initial customers will switch to th
must consider the TSL of the focal item in relation to what proportion of alternate

customers may switch to the focal item. Customer $&witcimpacts the different fill rate

measures through different drivers of the phenomenon.

1 Afill rate heuristic (FRH) using the 4 drivers stbckoutbased
substitution can sufficiently capture switching outcomes most of the ti

1 Retailers should use the FRH with caution when there is a mddugh
of inventory investment in both items and tway substitutability.

1 None of the 8 outcomes iheg FRH on their own are the sales or SHO
rates used in research or practice.

1 There are 4 fill rate measures which are a combination of customer
switching outcomes: initial, customer, item, and category fill rates.

71 Category fill rate is the only measurettigsignificantly linked to all
drivers of switching and their interactions.

Table2-15 Summary of study findings
To summarize (Table-25), stockoub ased switchingds rel ati

performance fill rate is complicated. There are four drivers to the customer switching
phenomenon betwedwo items: the inventory investment of each item and their
customersd willingness to switch to the al
performance fill rate depends on which fill rate measure is used. Category fill rate is the

only measure thasisignificantly linked to all drivers and their interaction. Focal

customer service levels can be measured by initial, item or customer fill rates. Changes in
inventory investment of the focal item has the greatest effect on these fill rates, whereas
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theinventory investment of the alternate item only has a direct effect on customer fill
rates. All four fill rate measures are a combination of various customer switching

outcomes.

Whether a sales or SHO outcome improves or worsens in performance with
subsitutability depends on the level of inventory investment of the items. With high
inventory investment, increased substitutability is linked with increases sales and
decreased SHO outcomes, supporting risk pooling theory. With low inventory
investment, ina@ased substitutability increases SHO outcomes and decreases sales rates,
contrary to risk pooling theory, because customers face SHO of the alternate item as well.
At the medium level of inventory, increasing tm@y substitutability is linked to greater
substitute purchases, because initial and alternate customers purchase an item in random
order, contrary to analytic models which assume alternate customers buy an item only

after all initial customers have attempted to buy it.

2.6.1Limitations and futureasearch

This study is just an initial look at the relationship between inventory investment
and performance fill rate when customer switching is involved. Future research can lead
in four different and possibly overlapping directions: (1) performanceaf#l measures,

(2) product availability (SHOs), (3) customer characteristics, (4) a deeper understanding
of the customer switching phenomenon. Additionally, relaxing any of the experimental
design assumptions could link this stream of research to tpabadict variety,

operational efficiency, inventory record inaccuracy, inventory review method, backroom
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effect studies, leatime issues, attributbased substitution, and so on. Such changes in

design assumptions would also improve generalizability.

This work can be used to build on performance fill rate studies in two main ways.
A taxonomy on the different fill rate measures used in practice and research across
various streams of research is paramount. The taxonomy would lead to the first way
researcltould build on this study in terms of fill rates. Different measures of
performance fill rate can be incorporated into a study such as order fill rate or the item fill
rate measures used more generally in practice. Fill rates could be compared against one
another in terms of whether they were generated using ABM, regression, or analytical
models on stockouts, product availability, or on customer switching. The comparison
could be made by looking at the relative size of each fill rate, whereas here only
switching outcomes were compared in size and fill rates were studied in terms of size
effects of switching drivers. The second way of focusing on fill rates is expanding on this
studybés design. Here there are only three
factors. A study that looks at smaller intervals between target service levels or between
willingness to switch would allow for more descriptive modelling on the impact of these
factors on fill rates. This deeper study would also allow for more rigotatistgal
methods beyond those used here. Perhaps a cut off can be found for when SHO events

occur Atoo oftend or Atoo rarelyo and what

it Ajust righto for maximum risk pooling b

Future research can also focus on product availability. In this study SHO was

merely a precondition to the phenomenon of study. Instead it could be the focus of a
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study by looking at various SHO attributes. Here only product availability was
considered iierms of fill rates. SHOs were only two of four possible switching

outcomes for a customer in a twtem product category. Those SHO outcomes were
unit-based rates, which measured the impact of the SHO in terms of number of units of
sales lost. Future rearch can also look at the duration of a SHO either in terms of
absolute number of days or as a proportion of the length of time the inventory is held for.
For example, in this study, the order size was based on providing a supplyday 10
demand. Studeeon SHO can see how much of thatdHy period actually has dmand
inventory. Similarly, studies on SHO frequency or using multiple attributes in a single
study could better link the impact of SHO on the customer switching phenomenon or on

performanceifi rates.

Another direction for future studies is with a focus on customers. In this study
customers over time are not identified as the same individual; repeat visits are not
included. None of the outcomes for the customer after the initial visit sidheare
considered in this study. In contrast, the fill rates in this study were generated using the
outcomes over the entire simulation period. With customer learning the fill rates would
also change because the willingness to switch or even the adaibggemand may
change. Such studies would follow the stream of research by Wu et al. (2013). Another
study focused on customers could be one where their arrival to the store varies by time of
day and day of week. Trauzettel (2014) looks at how fildlgare affected by demand
fluctuating throughout the ordeip-to periodic inventory review system. If the arrival of

customers relative to order replenishment affects performance fill rates, it may also be a
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demand characteristic that drives customer $ivitgin addition to willingness to switch

and the supply driver of TSL.

Last of all, a deeper look into the customer switching phenomenon is warranted.
Building directly on this study, additional measures of inventory investment would be
helpful in definhg the supply driver of switching. Overall and average measures like the
total units ordered from the supplier, the remaining units leftaad at the end of the
experiment or average drand inventory could better tease out the switching
p h e no me rity to posl risk.bnithis study, the TSL assumed the role of inventory
investment, because more safety stock is held at higher TSLs. However, a retailer could
have two items at the same TSL, but one could have an order size for 3 weeks while the
otherhaa n order quantity for 3 daysd worth of
characteristics to be considered: synced supply and replenishment frequency. Items that
are held on hand in smaller quantities are replenished more frequently which leads to
more possible instances of SHO occurrence, especially if there is stochastic lead time.
Synced supply refers to whether the items are replenished jointly or at different times
with nonroverlapping lead time periods. It is possible for customer switchihgue a
greater effect on fill rates under more complicated supply characteristics. Whether such
supply characteristics make customer switching result in higher or lower fill rates, or

SHOs, would be the focus of such studies.

The switching phenomenon couwdtso be further studied in terms of demand
characteristics. This study assumes normally distributed demand. How does this demand

assumption affect fill rate outcomes compared to Poisson, negative binomial, or other
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distributions? How about joint distridahs for substitutable items? Is there an agent

based perspective on jointtistributed demand? What about rymmetric demand? In

this study the items had the same average daily demand. What if one had twice the
demand of the other? What would the impafowillingness to switch be on fill rates in

any of these cases? Finally, the FRH was a parsimonious model consisting of conditional
probabilities. How does it compare to more complicated models of demand? How does
the ABM compare to other analytic mogiéleyond FRH? Perhaps more sophisticated
approximations are nearer to the outcomes found in ABM. If the components of effective
demand could be observed for empirical work, how does the ABM compare to an
empirical predictive model? The FRH is not sigrafitly different than the ABM at a

medium level of inventory investment when the focal customers were all fully willing to
switch while only half alternate customers would switch. However, the FRH did overlook
the interconnectedness of all of the outcomédeere sales and lost sales outcomes shift in
different ways. Perhaps more sophisticated heuristics or analytical models could account

for these as well.
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Chapter 3 Caninstore logistics postponement improve product
availability?

Unlike Chapter 2, thischapternc or por at es the storeds sh
of dealing with SHO and introduces the concept of instore logistics postponement instead
of using product substitution as a risk pooling tool. Instore logistics postponement is
based on the use of twdifferent inventory types in store. Stores grant access to
customers at shelf spaces where items have a dedicated location in the front room of the
store. Customers do not have access to items in the backroom space, which the store uses
as a shared spaceea for items that have been delivered to the store. Instead of customer
service and inventory investment, this chapter considers operational efficiency (labor)
and inventory investment (shelf space). The study presents a framework for instore
logistics patponement where the shared space can be used to store safety stock and cycle
stock depending on the strategy and emphasis of the store as well-baseshdemand
characteristics. Instore logistics postponement is found to be linked to decreased category
SHO duration and frequency, but further research is needed to test the theory on items

that can be classified into the different areas of the presented framework.

3.1 Introduction

As a consumer it is not uncommon to reach a store shelf to see one item fully
stocked while aimilaradjacent item of a differefrand,flavor or size is completely
stocked out. Such a stark difference in product availability of similar items points to
item-based supply and demand drivers within the store, product categoryndr brese
item-based differences contribute to overall categmy storgoerformance (availability)
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measures. Store availability globally is widely cited as having an 8% stockout rate

(Gruen, Corsten, & Bharadwaj, 2002,8) meani ng that 8% of a st
not available at its dedicated shelf space at any given time. Studies of how consumers

respond to this temporary product unavailability find that the stocked out item may lose

sales 54% of the time (with an atidhal 15% of consumers delaying purchase) and that

the store may lose sales 40% of tif@@rsten & Gruen, 2003Annually retailers lose

over $600 billion dollars in revenue due to stock@Biszek,2015) Furthermore, since

the average global stockout rate has not decrdem®dhe timescholars began studying

product availability in the 196Q#astrup & Kotzab, 2010the need for further research

into various iterrbased supply and demand drivers of retail product availability

(Ettouzani, Yates, & Mena, 201B)still relevant.

Postponemerdnd speculation (Aldersg 1950; Bucklin, 1965) theories provide a
systemwide perspectivéYang, Yang, & Wijngaard, 200{{5aricaDastugue &
Lambert, 2007pn improving product availability by changes to distribution channels,
but have seldom been studied as methods for retail (Faiari, Nyberg, & Hilletofth,
2016)or completely within a single firm. Standard postponerspetulation (P/S)
t heory i nvol ves (Maistér,d¥énhiahpgslwheneg sypmlyichmain o
member reeives final customer demand information from downstream partners and
adjusts the physical processing of goods (in terms of its form, identity or location) to
better meet that final downstream demand. Demand is better met because a system which
suppliesgords @At o i nventoryo can switch to a sys
this decoupling point, without substantially affecting any other member in the chain,

beyond information sharing activities. Product availability is the outcome of the ability to
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meet demand with appropriate supply yet few studies have tested the postpenement

product availability relationship empirical(Boone, Craighead, & Hanna, 200@)uch

less in retail. Retail studies so far have been limiteddmnline retailing context (Kim,

2014) . Rabinovich and Evers (2003) assess
management performance which i s measured a
production built to invent oelyprocesmgandi ng ft
holding goods makes goods more available (increasing product availability) and they find

a positive relationship between postponement and inventory management performance.
Online retail is about 9% of total consumer retail spendingrafsl of American

shoppers prefer to buy items which are also offered online from-anidknortar stores

instead(Stanley, 2016)

Brick-andmortar retailergace issues, including product availability, which other
members of theupply chain do notDefee, Randall, & Gibson, 20Q9Retail customers
approach a store shelf themselves to look for an item at the shelf locatioridbrtiangh
store has dedicated a certain capacity of space. Regardless of whether the item is in the
store or not, it is unavailable to the customer and referred to as a shelf stockowduishelf
or SHO) if that dedicated store shelf space is empty. If éne ig in the store but at some
shared inventory space instead of its dedicated shelf éuaaestore replenishment
stockout or IRD), it is similar to workin-process inventory for members higher up in the
supply chain in that the item is almost availaile needs further processing of some
kind.l n the storebébs case the further Pheocessi
inventory stockouts that are more akin to unavailability for upper supply chain members

is when the SHO item is also not hretstore (a store stockout or STO). It is therefore
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necessary to consider a finished good within a retail store as not being in its final state
until it is at its customeaccessible dedicated shelf space. M@ type of SHO for a
storeitem means thateim is in shared space and not available when the customer arrives

at its dedicated space.

The distinction between shared versus dedicated space and their purposeful
combined use to improve product availability through postponement is seldom
considered intis manner in research or in industiubner & Schaal, 2017)In
industry over 90% of the timgruen & Corsten, 2008%helf space is dedicated to an
item by the size of the shipmerftthat item to the store, while shared inventory space is
often in the backroom of the store and gen
o v e r fwhiohws, thie unintended phenomenon of items delivered to the store not fitting
on dedicated shelf spaferoglu, Williams, & Waller, 2013)Limited shelf space for a
product category is often not incorporated into software retailers most oftéduiseer
& Kuhn, 2012)for making space allocatioredisions so that there is no consideration of
how the dedicated space for one item may limit the availability of another. Assortment
research{Shin, Park, Lee, & W.C., 2018pes consider thielationship between
dedicatedspace of items tdecide which products to carry on store shelves, but product
availability in this stream is considered only in relation to customer reactions to stockout
(Honhon, Johnalagedda, & Pan, 2QXatusing on whiclitems in the assortment to
carry as a buffer to pick up customer demand that originally preferred a stocked out item.
Some studies acknowledge shared space exists but posit it does not directly relate to
managing dedicated shelf spaGewunits in the baaoom are not immediately available

to customers. Hence mckroom acts like a warehoag€achon, 2001)Similarly, work
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which includes backroom and frerdom (cash registers) store operations are in the

context of a queuing or personnel management proflenekhov & Beck, 2009nd

not with regard to product availability outcom@scase studyHubner & Schaal, 2017)

of a retailer using both dedicated shelf space and customer inaccessible shared space
develops an analytic model of the costs involved with replenishing within a store to be

able to optimize use of botiipes of space. Their study, however, does not consider this
type of postponementés effects on product
spaces within the stotbroughthe theoretical lens of postponemeRtoduct availability

is the focusn the backroom effedWaller, Heintz Tangari, & Williams, 2008Yhich
suggests that Awhen ret ai |(Eogls Witians,r&y i nvent
Waller, 2011)tems that are in thbackroom (shared space) remain there indefinitely,
decreasing product availability througitreasedRO. Instead of simply beingn

unintentional but necessary factor for IRO to occur as stated in extant work, this study
postulates and empirically testdhether purposeful use of both types of retail space
(termed Ainstore |l ogistics postponement 0)

decreasing SHO, without having to differentiate between IRO and STO.

This work contributes to product availability apdstponement theory fiour
ways. First, it answers the call for more postponement research ir(Jetfail, Nyberg,
& Hilletofth, 2016)by theorizing that postponement activity can take pleitan a retail
store and devefis a new measure flwgistics postponement baken concepts of shared
and dedicated shelf spadéis postponement activity is linked to demaethted
antecedents and product availability outcomes. Product availability is measured at

various dimensionsimultaneously, as encouraged by other sch@amsen & Corsten,
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2008) Multiple measures are possible because SHO events are captured in their entirety,
fromthe moment t he i tspaodisempteudttisraplerigshedthb e | f
shelf liner technology that captures these SHO events ersabdssdata (demand drivers)

to be incorporatethto the modekince they are nlmnger needed to estimate when SHO
may have occurre@zrubor & Milicevic, 2015) The next section develops the instore
logistics postponement theory and hypotheses, and is followed by methodology, results

and discussion.

3.2 Theory and Hypotheses

Postponemer(Alderson, 1950and speculatio(Bucklin, 1965)theories aim to
provide firms with methods to better match their supply to uncertain customer demand.
Demand uncertainty according to Alderson, can be reduced by delaying firm activities on
theform, identity or inventory location of an item to as late a time as possible. This time
postponemenfZinn & Bowersox, 1988)allows for the firm or supply chain to gather
more demand information and make less costly decisibast which products to supply
when. The location of this supply can also be delayed (its forward movement to the

customerOeser, 2015) referred to as place postponem@ain Hoek, 1998)by

Bucklinds speculation addendum to postpone
31) the concept of creating intermediate i
costs are more than offset by net savings in postponement to the buyer andl theesr . 0 | n

other words firms may choose to reduce demand uncertainty risks by delaying the
commitment of goods to a specific downstream location until there is more certainty the

customer demands it there,lrbringing together the demand of multipledtions at
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some new inventory point to achieve lower demand variability overall through risk
pooling.A review by Boone et al. (2007) mentions prior research findings of excess
inventory reduction by postponing or changing the order of steps in a maniafactur
process, reducing shipping costs by delaying shipment of a product until it is purchased,

and increasing operational efficiency in postponing final assembly of goods.

Building on postponemetspeculation theory, logistics postponement focuses on
manipulating the distribution channel by adjusting the location or time of availability of
final products or finished goods onlyang, Burns, & Backhouse, 20040 logistics
postponement finished goods are made to irrgrand are either kept in centralized
inventories (place postponement) or directly distributed to the end of the supply chain
(time postponemen{f'wede, Clarke, & Tait, 2000, p. 106\ review of distribution
netwok design(Mangiaracina, Song, & Perego, 20t&scribes prior research findings
that the following antecedents increase the benefits and likelihood of using place
postponement: greater product variety, higher demand volagéiasonality, greater total
demand levels of each item, a pull (make to order) system, short order cycle time, and
greater product value. In a taxonomy of postponement types(Xib4)categorizes
time postponement astype of busineskinction level postponement (as opposed to
product or procesdevel) where a downstream supply chain member shifts the risk of
ownership to vendors and cites five studies in this area. All of the studies are within the
internetretaile context, where customers fAarriveo
require the shelf presence or availability as traditional baiwdkmortar stores.

Regardless of whether it refers to time or place decisions (or baglstids
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postponemendeals vith distribution decisions between downstream supply chain

membergvendors and retailers) of final finished goods

This study preseniastore logistics postponemea the purposeful use of both
shared and dedicated store space, as an entirely integfproach creating an additional
tier of the distribution channel or creating intermediate inventory within the store. A
store decides on the degree of inventory investment for each item, which will carry the
storeds supply needawstaredelively. Thidimventorg xt or der
investment can be placed entirely on store shelves so that it is fully available to arriving
customers. Theame amount of inventory investment @asteadbe stored in both shared
and dedicated spac8tore shelf spacehere items are given a dedicated capacity, is a
finite store r es ourteamstratayid depstemakinggpfocess. st or e 6
Normally a store can expand its shelf capacity for a product category by expanding the
store footprint (overall storequare footage). Physically expanding owned retail buildings
or waiting for the renewal date of a lease and switching to a larger retail space or smaller
spacgPomerantz, 2014Btaples CE@utlines Shift Away from Store Footprint, 2013)
is normally the only approach to changing store size. Without expanding the store
footprint, it iIs possible to increase a pr
dedicated space of one oora other product categories. Unless there is excess dedicated
space for other product categories, reducing alternate category size may create new issues
with item availability and revenue for the store overall. With instore logistics
postponement, howevédhe store can delay the forward movement of some of that
inventory investment to the customer by storing it in shared store space (like a

backroom). Instore replenishment, sometimes referred to as indirect replenishment
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(Hubner &Schaal, 2017pr second replenishmefwan Donselaar & Broekmeulen,

2008 from shared space to dedicated space w
for that postponed item. This concept of shared retail space Bigetsk | i nés t i me
postponement requirement that the intermediate inventory location is not simply

temporarily storing an item while it is being distributed but that it faces the risk of not

being soldWaller, Heintz Tangari, & Williara, 2008) By using shared space as an

intermediate inventory location, the store may be able to better manage a variety of

products with different iteAbased attributes which may affect product availability. All

hypotheses presented below are illustlan Figure 34 at the end of this section.

3.2.1The direct effect of systemic drivers on product availability

In this study, iterrbased attributes having to do with the various aspects of
product demand are referr edheltacilablgdy fisy st e mi
(Moussaoui, et al., 2016). Moussaoui et al. (2016) state that systemic drivers are
exogenous to the store and consist of: the demand of an item over time (autocorrelation),
the rate of sales within a given time period (velocity), how nihahvelocity deviates
from the mean (unpredictability), the number of unique items in a product category
(assortment depth) and the distribution channel structure (network design).

Autocorrelation, velocity and unpredictability are all itéased attribies within this
Asystemic driverso definition, and are the
measure of systemic drivers in this study. Operations literature could argue that these
item-based attributes of demand are not exogenous to the storersudfieient

measures of demand. Demand reshépgnan & Fouque, 2003pr example, alters a
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customero6s initial preferences with store
display on store shelves (billboard andrsitg effects as in Xue et g2017) and these

measures of demand are only realized sales that can be censored by product availability

or inflated by stockouts causing customers to switch to available items (theoiyvent
effect(Borin, Farris, & Freeland, 1994)This study, however, categorizes these
dedicateespace related factors as supply drivers and not demand drivers. Similarly,
assortment depth and network design, explained in fudigtail in the methodology

section, are supplselated drivers and are not included as systemic (demand) drivers for

this study.

Prior studiesof y st e mi ¢ dr i vshelf availabditynave conflicting n o n
findings(Moussaoui et al., 2016) andlest the measures of stockout or that of demand
may be at the source of this inconsisteMdgussaoui et al. (2016) outline that scholars
have argued that items with higher (lower) velocity are more (less) closely tracked and
replenished on store shelveading to greater (less) availability. On the other hand,
higher (lower) velocity items are more quickly (slowly) depleted from dedicated shelf
space and may be more (less) likely to SHO. Additionally, higher velocity items can also
have a greater level ohpredictability than lower velocity items, with higher
unpredictability making it difficult to forecast or manage such items. Using both
measures of demand (velocity and unpredictability) as a general systemic (demand)

driver may better encompass theppasing forces.

Moreover, the measures of SHO used from one study to another may also have

opposing characteristi¢&ruen & Corsten, 2008)-or example, SHO frequency could

223



increase if partial replenishments from shareatspare made for a highly unpredictable
item. This suggests a positive relationship between demand and SHO. A negative
relationship would be implied by the decreasing duration of SHO that occurs from partial
repl eni shments whi c hngerduratior of waiting foil dfulle a k up o
replenishment from a store delivery. Even setting replenishments aside (as it is a supply
driver to SHO and not a demand driver), as the frequency of SHO of an item increases
over a period of time, the average SHO doraafter a certain frequency may decrease

as SHO events happen even more often, because there is a set period of time during
which all of the SHO can occur. As that set period of time is marked by even greater
frequency of SHO, the average SHO duratioouth decrease. Such a nonlinear

relationship between SHO attributes may also contribute to conflicting findings between
demand drivers and SHO. Accounting for the relationship between both attributes and
using a multidimensional measure of demand may peva more encompassing view.

A more encompassing view of availability would also be attained by including supply
drivers into the same model as systemic (demand) drivers. However, given that the
supply of an item stays constant, thera @ommon consensthat increasing demand

will reach a point where it exceeds the supply, leading to:

HypothesiqH3.1). Systemigdemandyriversare negativelyelated to

availability.

3.2.2Systemic drivers and instore logistics postponement
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Anotheritembased attri bute is a productos di
in how much shelf space must be dedicated to each item, as in FguTé& figure
presents five items (1, 2, 3, 4, 5) which differ in product dimensions but each have 2 uni
side by side (facings) on the same shelf. Facings are normally used in retail shelf
availability studies with the assumption that items in the study are of equivalent
dimensions, even if few product categories meet this requirement in reality. When item
are of different dimensions, their stacking (number of units placed on top of each other)
and depth (number of units placed behind each other) may vary. Since shelf space is a
limited resource for a retailer, the dedicated shelf space for each iterd sdiaiinto
consideration all dimensions. If the shelf in Figurgé Gonsisted of items of uniform
dimensions equivalent to item 1, then the shelf would be able to hold items 14 facings
wide. This could be 14 facings of the same exact item, or 14 sepianage or any
combination in between for a total shelf capacity of 42 units of items with product
dimensions equivalent to those of item 1. If the items were all of the same dimensions as
item 3, the shelf would only be able to hold 10 facings and tHecspacity overall
would also be 10 units. Indeed the total shelf capacity in terms of units could vary from
10 to 60 (the example in the figure has 30 units total) depending on what capacity is
dedicated for each i tem ¢heraisaenmdntumi t emoés di
dedicated shelf space, there is a minimum
assortment at all, there must be at least one facing of that item on dedicated shelf space.
Dedicated shelf space units differ even in this malisinglefacing offering: in Figure

3-1, item 1 would only have 3 units on the shelf, whereas item 3 would have only one
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unit and would take up the capacity of 6 wu

dimensions complicate shelf management processes.

Equivalent dimensions:

Iltem Facing Stacking Depth Capacity Facings [Total capacity]
1 2 1 3 6 14 [42]
2 2 3 1 6 12 [36]
3 2 1 1 2 10 [10]
4 2 1 4 8 15 [60]
5 2 2 2 8 9 [36]

Figure3-1 Shelf space utilization and item dimensions

Items with different dimensions may also have different demand attributes adding
to the difficulty of managing store shelves. During an inventgecjedn a periodic
review system, if the demand velocity (number of units sold in a week) is high, the
inventory investment (number of units brought to the store per week) will be higher than
for i tems with | ower de manmandweptedictabilityys. Si mi
high, the inventory investment will be greater than that of an item with more predictable
demand, in order to buffer with safety stock for that increased variability. Higher

inventory investment, however, does not necessarily soored to increased dedicated
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space. Especially if the item has | arger d
demand velocity or unpredictability) may lead to using both dedicated and shared space.

I f the storeds e mph a slaber, thersadditionaltapoacarehandle r e s
units of the item multiple times for instore replenishment. Since each item may vary in
dimensions and in systemic drivers, and since inventory investment (cycle + safety stock)
varies by demand but is constraingdstore resources, managing shelves consists of

several issues for store managers.

In managing shelves, the traditional traafEbetween inventory cost reduction
and additional transportation when considering postponement is not the issue for store
managene nt . AStore managerso6 incentives ofte
costséThus, store managers care |l ess about
product availability and labor capacity requirements because they are rewarded based on
revenueand | abor costso (Donselaar et al ., 20:
handling which has been found to exceed inventory holding costs (Curseu et al., 2009)
and may be compared to transportation costs between firms, with instore replenishment
coun i ng as fAadditional transportat+dfbn costs
The opposing concern is not inventory holding cost, but shelf space, which retail scholars
suggest fishould be considered asnsglaarebnstr a
al, 2005) since it has a range of minimum to maximum shelf space. Shelf space is a
constrained resource where at least one item holds a dedicated capacity from which
customers find their preferred products. If the item is not at its dedicated spon
customer arrival to that space, the product is unavailable. As store management is

concerned about product availability and labor, the store emphasis is either on dedicated
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space or product handling fr eqpeeuatvgly The
dedicate lots of space for an item on the shelf or to dedicate a minimal amount of space
that can be replenished by personnel by bringing items forward to the customer
(dedicated space) from shared space. Choosing to use both shared anddispiécae

shows a greater emphasis on shelf space over labor. This purposeful use of both types of

store space is instore logistics postponeime

This study posits that instore logistics postponement may have a fundamentally

STRATEGY
Efficiency Availability
P
0 Both shared
S ; ;‘_ndt ; assortment Safety Shelf E
T space depth stock space M
P P
@) H
N A
E S
M operational maximum !
E Dedicated p . <}:{> . . Labor S
N efficiency availability
only
T
Low High
SYSTEMIC DRIVERS

Figure3-2 Framework for using instore logistics postponement
different mechanism, as outlined in Figur,3han other types of postponement. In the

box in the center are four different reasons for implementing or not implementing
postponement. Postponement is implemented, as indicated on the left outside of the box,
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whenever there is purposeful use of both shared and dedicated space. Dedicated space

use on its own may sometimes result in some item overflow from dedicated to shared

gpace, but it is not an example of instore logistics postponement. Intentional use of both

types of space takes place whenever the store emphasis is on shelf space, as indicated on
the righthand side of the box in FigureZ3 If the store emphasis is abbr, then

product handling is minimized by using only dedicated space. On the top of the box in

Figure 32 are the two strategies that the store manager can pursue for each item. The
opposing goals (Tabucanon & Farahani, 1985) of customer service (pavdilability

for the retailer) and operational efficien
resources constitute the underlying mechanism between the relationship of demand

drivers and postponement implementation.

Systemic drivers to productailability are demand drivers and their high or low
demand attributes are similar to Fisheros
innovative(Fisher, 1997) Fi sher finds that Aiadisofdheie cl as
demand patterns, they fall into one of two categories: they are either primarily functional
or primarily innovative. And each category requires a distinctly different kind of supply
¢ h a (Fisher, 1997, p. 105)Supply chains with functional or predictable demand items
can focus on physical efficiency while those with innovative items need be more-market
responsive. This concept parallels the framework presented in Figurd an item has
high systemi€¢ demand) drivers, the storebs strate:q
high or unpredictable demand with enough supply to ensure product availability. If the
item has | ow systemic drivers, the storeods

Efficiency could be in terms of labor or space.
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Depending on the itembés systemic driver
storebdbs emphasis is on space instead of | a
have minimal dedicated space. Since labdess of a concern, the dedicated space for a
low demand driver item can be even less than what is expected during the inventory
cycle, with units of safety and cycle stock stored in the shared space. The purposeful use
of both types of space (postponert)evould allow for a greater variety (greater number
of unique items) in dedicated space, as in thddtigcorner of the box in Figure 3. The
store may prefer this for items with low systemic drivers, so that it can capture a greater
portion of the meket that may have more predictable segmented preferences. If the
storebébs emphasis is on | abor i nshotermd of sh
corner of box in Figure-2) would increase by providing enough dedicated space for a
store deliverydecreasing labor costs since personnel would handle the item only one
time. Stores are especially incentivized to internally postpone since they cannot usually
make use of economies of scale with their smalieed order deliveries of items with
low sydemic drivers. If demand drivers are high and space is an issue, then that
increased inventory investment necessary for that item could be split between dedicated
and shared space, so that store employees would be expected to replenish from the shared
spae with safety stock. If instore replenishment is more of an issue to the store because
of labor constraints, then high demaattribute items would be fully available (if it is in
the store it is on the shelf, providing maximum availability) on dedicsttetf space

only.

Consider t hat a storeods | abor resources

than the total shelf space in a store that has a set total square footage. For high systemic
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driver items where the st labilitg,@shoutddbenmotee gy
likely that the store will choose to keep item safety stock in shared space (FRyuap3
right) from which to replenish, than to place its entire inventory investment of that item
onto constrained shelf space. Minimizing ttelicated space for an item on the shelf is
less of an issue for lodemand driver items which can focus its strategy on managing

the item efficiently in terms of handling. Following this logic:

Hypothesis (H3.2)Systemigdemand)drivers are positivelyelated to instore

logistics postponement activity

3.2.3Instore logistics postponement and product availability

While logistics consists of managing the physical movement of goods between
two supply chain members, instore logistics fasssn movement wi t hin
store boundarieg he store initially places an order farcertain number of units of an
itemfrom a vendoror retail digribution center. If the order size and resultinghamd
inventory during inventory cycle of a pedic review system is less than the demand
which arrives during the same time period, then STO occurs due to insufficient inventory
investment (poor forecasting). Questions relating to determining or predicting the effects
of insufficient order size isdyond the scope of this study and is similar to decisions on
what product assortment or depth to offer (if items should be ordered at all). Hubner and
Kuhn (2012)provides further reading on forecasting that takes praassortment
planning, shelf space planning, and instore logistics planning, under the umbrella of

category management. Similarly, research questions about product availability under
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inventory systems other than periodic review follow a different strdassearch

(Cachon, 2001)

shared space dedicated space
= . T T A
(1) bukincreasctoinventoryrecords e -
| (2] witbased decreaseof records >
‘ bulk: receive shipment, place units onté shelf

. bulk: remainder to shared space |

units onto shelf >

: 2 units from shelf
LEGEND i >

Information flow | >

Physical flow |:>

Figure3-3 Bulk and unit handling in a store, both physical and information

Onceoutstore logistic§Samli, Pohlen, & Jaibs, 2005 eliversitemsto the
store,information flow and physical flow takes place, as pictured in FigtBe Birst, the
item is initially physically handled in bulk as personnel receive the shipment. This
physical flow is mirrored by informatioflow, as inventory records are also updated in
bulk. Both of these flows are illustrated as arrow (1) in Figu8e Bne next information
flow to occur is on a unibased basis. As customers purchase one or more units of an
item that they take from théelf, the orhand inventory for that item is updated with an
incremental decrease, to mirror the decrease in physical units on hand. What is not

reflected in inventory records is the additional physical flow that occurs between step 1

232



and 2, especially ihstore logistics postponement is implemented for an item. Since both
shared and dedicated space are purposefully used, after the bulk receipt of items to the
store and placement of them in step (1), units remaining in the box for dedicated space
are handdd in bulk (1A) only to be brought out to the shelves again (1B) after customers

take units away from dedicated space.

While the information flow masks the actual physical flow within the store, it is
sufficient for the Afvetlde vkenl o wni okWallérfaetcet etfefre
Heintz Tangari, & Williams, 2008)This is where a greater number of units delivered to
the store improves product availability by avoiding more frequent smaller store deliveries
which face lead time uncertainty. If the store has more of an item, it can sell more of it.
Countering this stre fill rate effect is the backroom eff¢Waller, Heintz Tangari, &

Williams, 2008) which recognizes the physical flow that occurs at arrows (1A) and (1B)
of Figure 33. The backroom effect states that an inabilityairy out step (1B)
properly results in stockouts due to poor indirect or instore replenishment (IRO), erasing

any possible benefits of higher inventory investment or the store fill rate effect.

This study differs from the theoretical approach of theedfithrate effect versus
backroom effect research stream. Backroom effect work essentially study higher
inventory investment (larger order size arrival to the store) effects against poor indirect
replenishment practice where step (1B) does not take @@acsten and Gruen (2008)
find that 25% of SHO have inventory in the backroom or shared space (a quarter of SHO
are IRO in their analysis), so if instore replenishment of dedicated space had taken place

proactively(before the dedicated space is empty) iR€Quency would be lower. The
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reasoning behind the increase of SHO in backroom effect studies are two assumptions.
First, since there is no accessible information on thkamm inventory in shared and
dedicated spaces as separate inventories, storepelswe not even aware that there are
units on hand in shared space. Secondly, invemeeyflow (Eroglu, Williams, &

Waller, 2013)is the unintentional phenomenon of some portion of a store delivery not
fitting on dedicagéd space so there is no effort to proactively replenish shelves from

shared space.

A purposeful delay of forward movement of goods to the customer, or instore
logistics postponement, implies that store personnel are cognizant of shared space
inventory ewen if it is not being formally tracked during the process of information flow.
They know to check shared space for an item even before that item is fully stocked out in
its dedicated space. Indeed, interviews with some product category managers provided
evidence of personnel being required to bring all shared space inventory from that
product category out once or twice a day and replenish dedicated space (shelves) with
any shared space inventory. This practice of purposefully using both dedicated and shelf
space, either for a strategy towards efficiency for items with lower demand drivers, or
availability for high demand driver items differs from the inventory overflow of
backroom effect studies. In Figure23he lower portion, where store emphasis is on
labor, there may still be shared space use through inventory overflow. Inventory overflow
would occur in these cases any time demand is lower during the lead time period than
expected or the lead time period is shorter than expected, leading to prodvetedeat

the store not fitting on dedicated shelf space. That type of shared space use is not
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intentional and would more likely drive the backroom effect. It would not be considered

as instore postponement.

Store managers may want to implement instogest@s postponement to improve
product availability along different dimensions. First, the time it takes to replenish from
within the store (shared space) does not include the transportation time or uncertainty
related to transportation of the items te #tore. This is similar to the logic of the store
level fill rate effect. By being able to replenish goods at dedicated space within a shorter
time period, stockout (IRO) duration would decrease, and availability would increase. If
aggregate availability s t he sum of each individual it el
aggregate store, product category or vendor stockout durations would be lower overall
than without postponement. Secondly, since postponement is purposefully being applied
and not merely becausé unintentional inventory overflow, when replenishing one
stocked out item store personnel may also replenish another item within the product
category which has yet to IRO. By doing so any aggregated availability (vendor, product
category, or store stoolt rates) would be improved by lower IRO frequency at these

higherlevel availability measures.

Postponement may not just be decreasing IRO occurrence, but also STO in two
different ways by effectively increasing the capacity of the store. First, iteim&igher
systemic drivers could have increased inventory investment than had the store simply
ordered for dedicated space use only. With larger orders to the store, it is more likely that
STO will also occur less often. Secondly, items with larger dirmaasould take up less

dedicated space without having to increase order frequency for that item or any other

235



item under periodic review. As illustrated earlier, larger items take up more unit space
than a smaller item could fit into the same capacityc&aach unit takes up more

capacity of dedicated (shelf) space, they are also more likely to stockout because the
maximum number of units dedicated to them is likely fewer than for the same capacity of
smaller items. Storing such items within the store aleuld be expected to decrease

STO as it would for items with high systemic drivers, because the inventory investment
of the item during the inventory cycle is greater. With decreasing IRO and decreasing
STO occurrence, the overall effect of the use @i lbgpes of store inventory on SHO

occurrence is hypothesized to be:

HypothesigH3.3): Instore logistics postponement activitypissitivelyrelated to

availability.

3.2.4The indirect effect of systemic drivers on product availability

Since the earlier theetical framework argues that store managers may implement
instore |l ogistics postponement for differe
attributes and that postponementos effects
it embds di meinec effechosthesetdénmeandiattrilblites on product availability is
complicated. On the one hand, if instore logistics postponement is implemented for items
with high demand drivers as a way to improve availability by using shared space as a
place for safst stock (a positive relationship between demand drivers and postponement
occurrence), then the higher the demand driver for an item, the more likely postponement

is being implemented and the better dedicated space is being maintained. Postponement
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wouldten weaken or completely remove demandos

availability.

On the other hand, if postponement is implemented for items with low demand
drivers as a way to improve operational efficiency by fitting more unique items
(increased asstment depth) within the same constrained shelf space, then the higher the
demand driver for an item, the more unlikely postponement is being implemented.
Increasing assortment depth captures more §Btes& Raman, 201Mut also decreases
operational efficiency in two ways. First, since there are fewer units of each item in
dedicated space, similar to items with larger dimensions, the space will SHO more
quickly with the same demand than for smaller items with many unitsd€ated space.
Secondly, managing the movement of items from shared to dedicated space may be more
difficult for a higher number of items than for a lower number of items, as has been
shown at the distribution center level of the 8Can, Evers, & Dresner, 2012)his
inefficiency may result i n postponement no
availability or even worsening those effec

stockouts is hypothesized as:

HypothesiqH3.4). Postponememnediateghe relationship between systemic drivers and

availability.
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Postponement

Systemic
drivers

H3.1 Direct effect (+)

H3.4 Indirect effect (-)

Figure3-4 Hypothesized model for instore logistics postponement

3.3Method
3.3.1Sample and Procedure

Data are from foulocations of an American grocery store chaithe Great
Lakes areaThere are 102 unique items from two product categories (isotonics has 48
itemsfrom two vendors while yogurt has 54 different items from three vendoatg are
collected fronfive sourcesas listed in the first column of Tablel3shelf liner ping
data, prioryear wekly category sales file, pilatudy daily SKU sales, storegulograms
for each product categoand store visits and interview3 he shelf liner ping data are
obtained from a proprietary shelf technology which gathers time stamps of when a
dedicated space for an item is completely empty and when it is restocleeshdlhliner
tracks each item in all four locations but varies on when tracking begins from store to
store and even within product categofi@ppendixIX). While the shelf liner data cover
a range of 370 days total, the length of time that each itenacised is on average 263
days (SD 94.39, min 2, max 370), or 128 days for yogurt and 319 days for isotonics. Each

observation from this shelf liner data source is a single stockout occurrence for a store
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item. Higherlevel (regional) retail managers proedprioryear weekly category sales
which cover sales of entire product categories beyond the items whose availability is
tracked by the shelf liner technology. A pilot study for the technology lasted 8 weeks.
Daily total sales (units sold per day) durihg pilot study was separately provided by

point of sale reports for each store, generated for each item the shelf liner technology
tracked during this pilot period. Tracked items were said to be selected by vendors as
high-selling items contributing to nsb of the product category sales in terms of revenue.
Each product categoryédés planogram for each
case pack size of items and how they were placed on dedicated shelf space. Store visits
confir med e astchmpkete adheeiice to pldnagram product placement in
terms of facings and provided information on stacking height and depth. Instore visit
information replaced any differences found in stacking height as compared to

planograms.

Since items are traekl for stockouts at different times during the period from
October 27, 2015 through October 31, 2016 at four stores with different operating hours,
the data is an unbalanced panel of real time stockout and replenishment information that
iscollapsedintowe ekl y basi s. By week, each itembs
Wednesday) total SHO duration and SHO frequency is generated for a total set of 12,109
weekly store item stockout observations. The SHO duration observation (in minutes) for
each item is then digdied by the total number of minutes each store is open each week,
which also varies within the store for weeks with holidajusted hours and for two
stores which permanently changed their operating hours during the first half of the pilot

study. Bonferroncorrected (95%) pairwise comparison of the mean number of items
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tracked in each store every week shows store A, B, and C do not vary significantly
(ranging from a mean of 21.95 to 22.73 units) while store C and D do not vary
significantly (21.54 and 219 from one another. Even though store D has a

significantly lower number of items tracked every week compared to stores A, and B, this

number differs by only one unit.

The dataés final size (N=12,109) is r
there is no information about the exact start and end days of tracking each item in each

store, of the original 13,271 observations, the very first and very last SHO observations

of each item are used to gener atneptkynoo wn
shelf |l iner time stamp and the very | ast
store is set as the start and end dat e,

the SHO observations are limited to a maximum duration of 7 tkeaarfg 13,043
observations), since interviews reveal ed
(a periodic review system) and orders are received every week unless the items are
managed directly by the vendors themselves. The assumptiomwl ieisitipper limit is

that any SHO duration longer than 7 days occurs from an order forecasting, vendor or
distribution delivery issue (otgtore logistics issues) and not with instore logistics

decisions as is the focus of this study. The remaining SKOteare flagged as unique

stockout events to later generate weekly item SHO frequency. Observations are then

created for every day that each item is tracked, bringing the total observations to 222,527.

These observations are also flagged to be ableutat tbe number of days each item is

tracked and the number of items tracked during any given week. The latter values are
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used to generate category SHO breadth, or the proportion of items tracked within a

category which are SHO.

The data must behangedrom observations based on stockout and replenishment
pairs to daily observations spanning the dateye the item is tracked for@asons. First,
it is necessary to be able to properly split SHO that occurred over more than one day to
account foitimes that the store was closed and customers had no access to items anyway.
In terms of product availability, it does not matter if the item is not on dedicated space
when customers have no access to that space (when the store is closed). Additionally,
splitting SHO events into daily values is necessary for those events that span over more
than one store week. For example, if a SHO event begins on a Tuesday but is replenished
that Friday, since Thursday is the beginning of a store week, the eventwpatifarent
store weeks. The duration of open store hours from the moment it stocked out on Tuesday
through the store closing on Wednesday mus
calculations, while the duration on Thursday and the portion of Fudtlythe item is
repleni shed must count into the foll owing
category systemic driver data (category sales data) were provided as aggregate store week
numbers, it is necessary to aggregate all of the data tortjestiaimension or highest
level of aggregation among all of the data sources. Collapsing the daily unbalanced panel
data into weekly values leaves 13,999 observations of data for this study. Items from the
data are dropped if they do not appear in atbfes. This brings the number of unique
items down to 102 (54 in yogurt and 48 in isotonics) from 135 items in combined the
files provided, with total observations down to 12,109 store item days. These collapsed

observations contain time invariant itettriutes, stockout information, and weekly
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category sales information. Creating daily observations makes it possible to include
weeks into the dataset where an item was definitely tracked (it was within the range of

first and last tracking dates) but whero stockouts occurred.

Characteristics of stockout and satiesa in this study (Table-3) ae all tested
(see Appendicel/ - VII) by pairwise comparison of means with equal variances and
Bonferroni corrected for significance at the 5% level. WeekpSiuration(in minutes
and not as a proportion of open selling tidegs nosignificantlydiffer betweerstores
A, B, and C for yogurt (or store A isotonics), while store D appears to have a
significantly higher mean weekly SHO duration. Store B doé¢have a significant
di fference in SHO duration between yogurt
isotonics is not significantly different than isotonics in store C. For SHO frequency, only
the following groups have no significant difference: stArand store C for yogurt, store
B and C for isotonics and store Bb6és yogurt
frequency between stores significantly differ, requiring control variables for store

di fferences in the nmnquaten.6s availability st

The same process for sales also shows the need to control for store differences in
the systemic drivers construct. Multiple comparison testing was preferred over using
ANOVA F-statistics to confirm store and category group differences because the
Bonferroni grouping allows for seeing how groups are different from one another beyond
just not being statistically equivalent. Specifically, stockout duration and frequency is
significantly higher for each product category in store D than all othesstaueits item

sales is on average less than store B and category sales do not differ from store B in
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isotonics and is less than the yogurt sales in store B. This initial look at group differences
suggests these duration and frequency variables do at# teldemand behavior at the
item or category level in a simple manner (the highest average category or store SHO

occurrence is not associated with the largest or smallest realized demand).

The study sample represents the product categories at diffeopotions and
with different itembased attributes. That is, compared to the assortment depth and total
category shelf space set aside to each pro
category. Yogurt is given 32 shelf féat 3 of the stores (AB, and D) and 36 shelf feet
in store C. The total number of unique items that are offered in this category vary from
389 to 427 different items. The planograms for isotonics show that this category is given
16 shelf feet in every store and has 88 unigpes of items. This study sample tracks
55% of isotonics products that are offered in stores, and about 10% of the yogurt product

assortment offered.

6 Shelf feet are the width of shelves against which facings are measured. Standard retail shelving consists of
4-foot shelving panels that are placed side by side to form the store aisles.
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Data fields
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item sales velo
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Dadata item unit price Systemic dri |
d. vendor s construct
(56 item sales unpr
deviation of we
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Weekliprior year wee _ _
cat ed Systemic dri|
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(53 wweekly categor
(standard devi

<
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em weéeokkyut dleach week
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Shelf sum of tracked - Co
dat g Availability
(370 |[item weekly stol|category each w
(total number o _
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l'iner
Pl ano shelf helgh.t i tem facapaccaste/,pack
case pack size Postponement
item stlcapacit®y var
Staonrde Chas used itdmpt HPost ponement
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Table3-1 Data sources used for this study
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Shelf stockout (SHO) Weekly SHO Average item Category
> weekly duration Frequency weekly sales weekly sales
S o (proportion of open store | (count of uniqgue SHO (mean item weekly sales units, (count of total units sold per week of
% % minutes that item is SHO) events per week) varies by item only) entire product categories) Obs.
3] c c c c
g SE| 2|8 |5E| 2|8 || & & |85 & & | 3
A 0 7567 242 672 (0 6 060 0.98 8.23 57.05 2919 1160 | 4,376 8,120 6,20549 94413 885
‘é):i; B 0 7143 3.23 700 {0 8 092 135 | 13.80 161.09 5511 2853 | 8,777 15,718 12,18593 1,614.93 | 943
>C') g C 0 8126 33/ 1054 |0 8 065 120 513 103.88 3395 1842 | 5,231 9,733 7,64208 1,18.73 | 840
- D 0 86.77 699 1128 | 0 12 221 217 8.9% 12245 46.84 2440 | 5,200 12,387 9,529.38 1,814.15 | 858
A |0 9301 251 833 |0 7 039 09 .89 4795 1259 972 593 3,075 153873 70218 | 2,287
.g \"-O‘j’; B |0 9763 430 1056| 0 7 086 141 .63 50.39 1862 1193 | 1,103 3,115 1,880.01 51456 | 2,235
g g C 0 8939 508 1060|0 7 09 137 1.75 42.16 1387 8.2 768 2,107 1,25/.54 357.17 | 1,939
- D 0O 8835 536 1099| 0 11 124 1.69 141 76.68 2009 1560 | 1,022 3,109 1,8%.96 534.94 | 2,122

Table3-2 Descriptive statistics of item sales and shelf stock@td.2,109)

245




Constr|iMeasurement indicat|{ Ma x Me a s u |
Weekly category sal ¢.93150283F736.57 SRMRO ®
SystelMean weekl vy _sal_es 0 | 366 2641 CD 0.
dri Standard deviation 6 2 63.39.
rive
(demar (errd
cl ust e
Cron@d:c hD1BVE: 300. 69 stor e
Units shelf spacase] 582. 914 0. 834!
pack (dikees®)space SRMR:7:
Postponement dummy | CD 0.
|l nstolmul tipdse oflack si ze 60 0 .94
postpolProportion of shelf 140 1 (errc
Propocratsieonpaocksbkarzed 217B32. 54 cl ust e
store
Crondldc ®5 ®VE:780%.0
Vendor SH®tevebteadt O 1040 0. SRMR:3!
Store SHO event rat (o0 100 0. CD 40.2
AvallaCategory SHO durati (0 6 0.
Category SHO event |[O 100 0. (errc
( SHO)
cl ust e
store

Cr on@d:c 8B.5A9%/ E :5 6.2

Figure3-5 Model measurement indicators
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3.3.2Model specification

Measurement of the theoretical constructs:

The construct indicators are from all of the data sources (Tablg&thered for

this study and are listed by construct in Tabl& 3

Systemic drivers (demand)e measured with 2 categeand 2 itembased
indicators as summarized in Tablex3One ategory sales measure, often used as a
measure for demand, is the number of units that are sold in each product category in each
store per week during the prior year. Y4mgged weekly sales values are used as a
measure of demand seasonality or differance a it emdés demand fr om
each product category. The standard deviation of category sales as well as that of
individual item sales is often included as a measure of demand unpredictability
(Moussaoui et al., 2016). Both the item standardadiew (unpredictability) as well as
the mean item sales per week (velocity) are generated froadaysdaily point of sales
file. Since the item sales information is provided on a starek basis while the
availability data is nine calendar weeks, theewly item sales generate an average daily

sales per calendar day which are then combined into calendar week sales.

Moussaoui et al.6é6s (2016) other measur e
in the structural portion of this construct or in anoth&t of the structural equation
model. Demand autocorrelation is accounted for with robust standard errors that are
clustered around store weeks. Assortment depth is accounted for in the structural portion
of the systemic driver equation in terms of thenber of items that are tracked every
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week by the liner. This is used instead of the number of different items offered in each
product category, which would be a static value from week to week. Assortment depth
measured by the number of items tracked rodsfor the absence of SHO events for
items during periods when they are not tracked. The last component described for
systemic drivers is network design. Network design deals with the physical position of
the store in relation to its vendors and retatrébution centers. Since network design is
said to involve lead times from retail suppliers to the sfgi@issaoui, Williams, Hofer,
Aloysius, & Waller, 2016)this study views this as a supply driver and not a demand
driver. It is included in the structural portion of the postponement equation in terms of

vendor dummies.

(1) |(2) BExt| (@4 Sh
SharExtrPostponspacespace
Shell Cas dedi|dummy per dJpecrase
Item spac
capal pac united capadpack
spac
1 6 6 0 0 0 0 0
2 6 5 4 1 1 16%7 80 %
3 2 1 0 0 0 0 0
4 8 7 6 1 1 12%5 85%7
5 8 12 4 0 1 0 33 %

Table3-3 Example of instore logistics postponement measures

Instore logistics pstponements measured with 4 indicators relating dedicated
space to shared space. Since the literature has limited measures of postponement at the

retail level (Li et al., 2005), anithis study aims to contribute to postponement literature

with the concept of instore logistics postponement, the indicators in this measure have not

248



been previously tested in prior literature. Since retailers normally refer to their dedicated
shelf spacen terms of the ratio of case pack sfEeoglu, Williams, & Waller, 2011dhis
study focuses on the relationship of the two different volumes (case pack size and

dedicated shelf capacity) in different ways, as in Tablec®lumns labelled-4.

There are multiple assumptions in developing these indicators. First, it is assumed
that instore logistics postponement, or the planned and purposeful use of both shared and
dedicated space does not occur if the dedicated spaceultiple of case pack size. For
example, if the case pack size is 12 units and the shelf capacity is a multiple of this at 12,
24, or 72 units (etc.), then any time items do not fit in this dedicated space are
unintentional inventory overflow. A 0/1 postpament dummy (column 2 in Table43 in
this case is valued at 0, because there is no intentional use of both types of retail space.
When this dummy variable equals 1 and the dedicated space is not an exact multiple of

case pack size, at least one of ttteeo 3 indicators also have nagro values.

The remaining 3 indicators increase in value as the likelihood that the store is
implementing instore logistics postponement increases. The first, column 1 in #able 3
called Aextra dedicated space, 0 isacem direc
that exceeds an exact multiple of item case pack size. It is possible that there is extra
dedicated space not to purposefully split
dedicated space, but simply as a result of item dimensions. However, ¢ ikébsthat
a higher number of units of dedicated space is in excess simply because of this item
attribute. The third (3) postponement indicator is the percentage that this extra dedicated

space takes up in the overall dedicated space for an item.2tants4 in the example
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highlight why this measure is necessary in addition to the second indicator. Both items
have 1 unit of extra dedicated space, however it constitutes a higher proportion of the
overall dedicated space for item 2 than it does for #erims of using shelf space more
efficiently the third indicator suggests that item 2 has a higher likelihood of implementing
postponement since the extra dedicated space in proportion to the overall space is higher.
On the other hand, if the store martraigemore focused on minimizing labor instead of

shelf space, the fourth indicator is a measure of how much of the case pack contents are
put into the shared space. If the goal is to replenish the shelf one time with store delivery
and not have personnercy out instore replenishment from shelf space (thus minimizing
labor), then this fourth indicator would be zero as it would for the third indicator as well.
With increased reliance on instore logistics postponement, the proportion of case pack
sent to shred space would increase. In instances where the case pack size is bigger than
the dedicated space on the shelf for the item, this indicator would haxz=rowalue

even though the excess spa@sed indicators (columns numbered 1 and 3 in Taldle 3

would both equal zero. The data sample for this study has no items whose case pack size

has a greater number of units than the dedicated space for the item.

Shelf stockouts (SH@ye measured witthreeindicators.Gruen and Corsten
(2008) state SHO eventave certain attributes (measurable characteristics) and
recommend use of multiple SHO attributes at once to better understand the drivers and
impact of SHO. In developing the availability measure the types of SHO attributes
considered were related to tlilequency, duration and breadth of SHO events. The four
indicators initially considered are: item SHO frequency and duration, and category SHO

breadth and duration. Two itebbased SHO measures are chosen since the framework
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rests on item attributes (demaauad size) and two categebased SHO measures chosen

since these are the most often used measures and the model incorporates weekly category
sales as part of the demand drivers. Altho
0.7655, the AVE was only.85. Once the indicator for category SHO breadth was

removed, the AVE rose to the minimum recommended threshold of 0.50. Talilsts3

the final confirmatory factor analysis results.

All 3 indicators are generated following prior convention. Item siaotk
frequency and duration are generated as described in the data sample description and
summarized in Table-3. Category SHO duration is generated in multiple steps. The
numerator of this rate is simply the sum of all of the SHO durations (in minutésy du
each week, by category. The denominator takes the number of items tracked that week
and multiplies it by the number of minutes each store is open that week. The SHO
measures that Gruen and Corsten (2008) recommend which are not included in this study
are indicators of breadth, intensity and impact. The latter two are financial afizhsed
measures of the sales loss incurred due to SHO. They require some sort of assumption or
estimation of the demand that would have occurred during the time of gayportion
of the day during which the SHO occurred, and are beyond the research scope of this
study. The breadth measure had to be dropped as the fourth indicator in this construct, as

the AVE when including it was below 0.5.

All test scales are based the means of standardized items. Standardization is
required because the construct indicators have different scales. For example, in the

Postponement construct, there is a 0/1 dummy that only varies by these two values, an
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excess space value which isaunt of units of space on the shelf that exceed an exact
multiple of case pack size, and two variables which are percentages and vary from 1 to

100.

Unidimensionality and validity requirements are achieved through several
processes. The factor loadinglwe for the retained indicators for all 3 constructs, as
listed in Table 3, are greater than 0.60 and are significantly associated with its
corresponding construct, supporting unidimensionality of the constructs. The lowest
factor loading for the systém(demand) drivers construct is weekly category sales. It is
above the minimum threshold but also the only indicator in the measure which varies by
week, so this lower value is not a source of concern. Convergent validity for each
measure is achieved saall values (Table-3) of AVE are greater than 0.50.
Discriminant validity is achieved for each measure and described in detail for the overall

model specification (Table8, AFi tted covariances and sqgu:

Construct validity is achieved whditness indices meet minimum thresholds.
Since longitudinal data is being used and there are clustered errors to account for
correlated errors over time, the only two statistics for fit which are provided are in the last
column of Table 8. The standarded root mean square residual (SRMR) is a measure
of how close the model ds i mplied correlat:i
has a maximum recommended-otit of 0.08(Hu & Bentler, 1999) The coefficient of
determnation (CD) is a measure of what percentage of the variation in the data is
explained by the model. Each construct is below the recommended fit statistics for

SRMR. For the Availability construct, the measure accounts for less than half of the
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variation n the data. Given that the factor loadings of two of the indicators were below
0.70 (but still above the minimum 0.60), it is possible that Availability suffers from some

measurement issues.

Reliability of each construct measurement deals with tv@lv each intended
|l atent construct is captured. dlphatgeaten a | re
than 0.70. Although the availability construct has average variance extracted (AVE)
below 0.60it is still above the conventional threshofldo 0. 50 and fall s i nt
measurement o (Hair Jr ,Thdcaroposite religiktyiey, 2017,
manually calculated to be above the minimum threshold of 0.6 (Demand CR=0.7096,
Postponement CR=0.8230 and SHO CR=1.56Qixthermore, no correkad error terms
or constraints on covariance between variables are necessary to achieve good overall fit
to the final specification of the model, which further supports good measur@aendr,

Babin, & Krey, 2017)
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3.3.3Structual covariates

The structural portion of the model relates the constructs with one another, but
each construct may also be affected by factors other than the constructs being tested. The
aim of control variables or covariates is not to test new thedrgdmirol for factors
found from prior work. A full model without any of these controls quickly converges
without these additional observed variables, and carries the same sign and significance
between constructs as the full model but with inflated caefftoszalues. Furthermore, a
model with measurement and structural models combined redaocesslized root
mean squared residgahowing a better overall fit of the model (from 0.082 without the
structural controls to 0.071for the full model). Sincelitkoodratio tests are not
possible with clustered standard err@@satacorp, 2015comparing this measure of
residual size between the two models is preferred and shows the benefit of including

covariates into the final spéication.

There are two controls that are unique to this study and may need further
explanation. First, there is a 0/1 dummy controlling for whether store personnel are
notified of empty dedicated space. Given this new shelf liner technology, two of the
stores in the sample never used the shelf liner alerts and only gathered SHO and
replenishment data. The other two stores did begin relaying SHO pings to its personnel
after a few weeks of having it functioning in their stores. This dummy is includedén c
such alerts provide instant notification of a SHO without having the personnel discover it

themselves. Such an alert may be linked to lower average SHO duration than stockouts
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that are tracked but are not notified to store personnel. Secondly, therariable to

control for the proportion of the store week that the item is being tracked by the shelf
liner. While 97% of the observations have this valued at 1 (the item was being tracked
during that entire store week), some 656 observations varyue fram 0.14 (being

tracked 1 of the 7 days in a store week) to 0.86 (6 days of tracking). More than half of
these 808 observations occur during the first 3 weeks. The remaining observations of
partially tracked weeks are dispersed through every weele afata. Every week has at
least one item that is being partially tracked. This control is included so that lower SHO

values during those weeks when the item is not fully tracked are accounted for.

The data gathered from the different sources serve 3atiffpurposes as outlined
in Table 31. The measurement portion of the model has indicators for each construct and
uses all data sources to generate these indicators. The structural portion which draws
paths between the constructs to show the relationsmgmgst them, have covariates
(controls) for each construct. For example, the shelf height is a count variable from 1 to
7, specifying the relative height of the s
included to account for marketing effo(@reze, Hoch, & Purk, 19949 capture
customer demand by putting them at expectedewa or near other brands. Interim
variables are those that are collected to generate other variables and are not directly used
inthe patharlay si s . I n other words, the data gat h
and depth units are used to generate the capacity variable. The information about each
storebds hours are used in two different wa
ss ockout duration for each SHO event. I f an
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hours help to determine what portion of thatiiur duration occurred while the store

was closed. For example, if there are two stockout events beginning on a Toesday,

10 am and the other at 10 pm, even if they both are replenished 10 hours after they
stockout, the one which stocked out an hour before the store closes would have a shorter
unavailability than the one which was stocked out all day while the stopeins The

second way store hours are used is to generate store open selling time in minutes. These
values are first generated on a daily basis and then collapsed over the store week as
summed total weekly minutes of selling time. The store hours dita flremselves,

however, are never used in the model directly as variables. This is why they are interim

variables; they are generated solely to aid in generating model variables.

The other variables generated in the study that are used in the patlsaaslys
covariates are listed in Tables3. The first step in generat.
pri ceo f-dapsalestfilais by fking the total revenue for the day and dividing it
by the number of units of each item sold that day. This gives emmnmvariable for

average unit price for that day which may

each i temdbs maxi mum unit pri cecheskedonlineal | st
to confirm that it i S a te atvarious etailrwebsitesa t it em
This maximum value, double hecked onl i ne, i s entered as

and joined with the master data combining stockout observations and category sales. The
dedicated space for an item (its shelf capac#tygeanerated by: facings x stacking x

depth, which are data fields obtained from planograms and store visits.
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There are also dummy variables in the model that are generated without having to

rely on the data sources. Control variables coded as 0/1 fstotieeweeks of Christmas

and New Years are created to correspond to when those holidays occur. They are

included because Christmas is the only day of the year this chain of stores is closed, and

New Year 6s Eve an

d Day

a r ehourshaee the sameyacross o

all stores, since even the-Bdur location reduces its open selling time on those two days.

Since there are 4 stores, 3 dummy variables carrying 0/1 variables all equal zero in the

base case of store location A. Similarly, theeBdors have four 0/1 dummies with the

base case being a yogurt vendor.
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3.4 Empirical results

Postponement

H3.2 (+) H3.3(-)

-.009*** (0.002) -.357*%*(0.050)

Systemic
drivers

H3.1 Direct effect (+) .044 (0.252)

H3.4 Indirect effect (-) .003*** (0.001)
Total: .047* (0.028)

Figure3-6 Generalized Structural Equation Model: Standardized Raisults
(Clustered Standard Errors)

The model estimationdés standafhéi zed res
model is estimated with Stata/SE 14.1 using the <sem> command. Structural equation
modeling (SEM) is preferred over multiple regressioneqonatio t o st udy post p
mediating effects on product availability because the SEM framework provides more
advantagegGunzler, Chen, Wu, & Zhang, 201i8) mediation analysis in various ways
including simpler ad hoc analysiBhe estimation technique is maximum likelihood
instead of ordinary least squares so there is aibuitechanism (listwise deletion) for
missing datdGunzler, Chen, Wu, & Zhang, 2013ince the dataset has repeated
measuregver time and over stores it is necessary to relax the restrictive assumption of
independence of errors and the model is estimated with errors correlated within clusters
of a store and time variab{Eetersen, 2009These stee-week clusters allow for

correlation of error terms wi thin these groups, replacing it with an assumption of
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independence between store week clusters. This approach is more generalized than using
robust standard errors, which also account for heterostigitiaof the errors but require

errors to be independently distribut@tatacorp, 2015)Because of these clustered

errors, the fit statistics provided in Tablé &re residual statistics: the standardized root
meansqua r esi dual (SRMR) as a measure for hov
correlation matrix is to the predicted correlation, and the coefficient of determination

(CD) as a measure of what percentage of the variation in the data is explained by the

model. The SRMRralue of 0.071 is below the recommended cutoff crit@lia &

Bentler, 1999F or good fit and 83% of the databs v

variables.

Hypothesis 3.1 is not supported; although the coefficient for the relationship
between systemic drivers and availability is the correct sign, it is not significant
(p=0.124). Recalling the conflicting findingsloussaoui, WilliamsHofer, Aloysius, &
Waller, 2016b et ween an itembs systemic drivers (¢
availability (SHO), these results do not find support that product availability is worse for
fastermoving(Corsten & Grua, 2003)and more unpredictabl@aylor & Fawcett,

2001)items, nor do they support that availability is improyedrnie & Grant, 2008)

Hypothesis 3.2, which theorized a positive relatigm&letween systemic drivers
and instore logistics postponement, is not supported. The data does not support the idea
that store managers use both shared and dedicated space for items with high demand

attributes, suggesting perhaps they lean towards mé&kstgoving or unpredictable
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items fully available on store shelves. Availability may be the strategy for items at these

hi gher systemic driver | evels, where the s
product handling). The significant negative dméént also suggests that items with

lower systemic drivers use both dedicated and shared space and internal postponement
decreases with higher systemic drivers. The conceptual framework presented in this study
reasons that items with lower demand drivess postponement to be able to increase

product variety in a store or assortment depth within a category which emphasizes

efficient shelf space use.

Hypothesis 3.3 is supported by the negative and significant path coefficient from
instore logistics poppbnement to SHO. Prior studies which show greater stockouts at
higher velocitiegGruen & Corsten, 200&uggest that slower items simply may not be
selling enough for the capacity allotted for them on the shelvesmblel in this study
controls for average item demand attributes as well as the shelf capacity and item
stockout frequency and duration. Therefore, a negative relationship between
postponement and SHO suggests it is not that these items are not selligh tn
deplete the units in dedicated space, but that they are possibly being proactively

replenished within the store using inventory from shared space.

Hypothesis 3.4 is not supported although it has a significant and positive
coefficient for the mediing effect of systemic drivers on SHO. Even though the direct
effect of demand on stockouts (H3.1) is not significant, and the total effect is

strengthened when including this indirect effect, the data shows the opposite of what is
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hypothesized. This maye because H3.4 follows the reasoning that increased systemic
drivers are associated with increased instore logistics postponement (H3.2). However,
following the theoretical framework presented earlier, these results suggest store
managers may value effemt use of shelf space for product assortment reasons instead of

operational efficiency (less product handling).

Path Hypothesis  Full Model Results
H3.1 + 0.044 Not
Systemic driversy SHO (direct) (0.252) Supported
Not
H3.2+ -0.009*** supported
Systemic drivergy Postponement (0.002)
H3.3- -0.357** Supported
Postponemery, SHO (0.050)
Systemic drivergy Postponemeri H3.4- 0.003*** Not
SHO (0.001) supported
SRMR 0.071
CD 0.829
Observations 12,109

Table3-5 Standardized path coefficients (standard error in parantheses)
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3.4.1Model respecification

Since 3 out of the 4 hypotheses are not supported, the measure validity tests for
theconstructs are at borderline test statistics, and the relationship between demand and
SHO occurrence is not even significant, model respecification is warranted. Table 3
provides coefficient values, model fits, and AIC and BIC values to compare fisd&cros
different respecifications of the same model. The only things that change from model to
model are structural covariates. The first column is the original model specification
whose results are already summarized. The second column is a model which has
removed the control variables of store open minutes. Columns 3 through 6 are the
different combinations of including or not including week and category dummies onto the
model specification in column 2. Whenever the week dummies are included, they are
included as Availability and Demand structural covariates, replacing the Christmas and
New Yeards control s. Whenever the categor
vendor dummy (for direct store delivery) and the dedicated space (capacity) coatrol as

Postponement structural covariate.

Specifying the model using different controls does change the fit of the model to
the sample data, as in Tabky 3and it does change outcomes in terms of support of
hypotheses. Of the 5 models Model 4 has the dgsrest AIC=361,153.8). Model 4
removes the iteAbased SHO variables and the store hours control and instead adds week
dummies. Compared to the original model, including week controls not only decreases

the residual size (SRMR 0.0AL 0.030) but improvethe explanatory power of the
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model (CD 0.82% 0.842). The week dummies were included into the Availability and
Demand equations and improves the fit of each equation by approximately the same
amount (R0.668A 0.686 for Demand and’R.463A 0.482 for Availability). The

demand and availability relationship (H3.1) is supported in model (4) as well as every

model except for model (1).

(1) (2) 3) (4) (%)
Observations: Removes Includes
' Original weekly week and Includes Includes
12,109

open category week category

minutes controls controls controls

Systemic drivers 0.044 0.076** 0.098** 0.098*** 0.075**
A SHO (direct) (0.252) (0.348) (0.032) (0.032) (0.035)

Systemic drivers  -0.009*** -0.009***  -0.044***  -0.009***  -0.044***
A Postponementi  (0.002) (0.010) (0.004) (0.001) (0.005)

Postponement  -0.357**  -0.620%*  -0.532%* -0.563**  -0.5Q7***
A SHO (0.050) (0.072)  (0.060)  (0.059)  (0.063)

Systemic drivers g nnass g goss*  0.024%*  0.064%*  0.026%*

A Postponement “ n91)  (0.001)  (0.003)  (0.009)  (0.004)
A SHO
SRMR 0.071 0.077 0.031  0.030 0.078
CcD 0.829 0.782 0.854  0.842 0.800
AIC 1,513,930.2 1,217,933.6 362,218.5 361,153.8 1,220,484.2
BIC 1,514,315.1 1,218,318.5 362,603.4 361,546.1 1,220,869.1
Equationlevel goodness of fit (B
Systemic drivers  0.668 0.667 0701  0.686 0.685
Postponement  0.114 0.115 0192 0115 0.196
SHO 0.463 0.327 0.484 0482 0.328

Table3-6 Model respecification, estimates and fit
The discriminant validity of the constructs is not an issue in either model (1) or

model (4) despite different structural covariates. TakBepBovides the fitted covariances
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between the latent variables as well as the AVE square root values of eaclernaasu

the diagonals of the covariance matrices. For each construct, the square root of the AVE
is greater in value than any of the covariances the construct has with other constructs. For
example, for Postponement, the square root of AVE is 0.885, whighater than

Post ponement 6s ¢ o Vv.883 foranodeleonevandilB forSnodelcik o u t
and also greater than its covariance with Demah@15 and0.216). Even though the
covariances vary from model to model because of different structuraliates, the

discriminant validity of the constructs are sufficient in both mo@feiang, 2012, p. 71)

Model 1 Model 4

Demand Postponemen SHO Demand Postponemen SHO

Demand 0.833 0.833
Postponemen -0.215 0.885 -0.216 0.885
SHO 0.174 -0.083 0.748 0.200 -.112 0.748

Table3-7 Fitted covariances and square root AVE (diagonal)

3.4.2Alternate specifications of instore logistics postponement

The model specification and respecification show an acceptable level of fit in

explaining the variation in the observed data and give consistent estimates from model to

264

(



model in terms of support of hypotheses. However, there is a growing c¢8tretiner,
2003)Jabout the Cronbachés alpha in validating
alpha (>0.90) do not necessarily reflect more reliable measures and indeed cause larger

errors of estimates because the construct maytertepresented (narrow range) or may

have redundant indicatofBanayides, 2013) The very high Cronbachi
instore postponement measure (0.936 from Tatde@mbined with the very low

equationlevel goodness dit for Postponement (R0.115 from Table F) suggests that

the construct may indeed be underrepresented. Adding in additional control variables
increases the equatidevel goodness of fit because there are simply more variables in

the model.

An additicnal concern about the Postponement construct specifically is illustrated
in Figure 36. As currently specified, instore postponement indicators assume the store is
more likely to implement postponement as the difference between case pack size and
shelf ca@city increases. Figure@illustrates 3 boxes of identical case pack size. The
case pack contents can be split, depending on the dedicated space set aside for the item,
along a spectrum of possibilities. The possible scenarios in the illustrationbeotkid
only case pack for the item or one of a nu
space (the space being multiples of case pack size). However, these boxes represent the
very Al asto one that will fi lforthatheenm. At ery | a
the very left of Figure &, dedicated space compared to case pack size allows for all but
one unit from the case pack to be shelved. This 1 unit remaining in the case pack is an
example of inventory overflow. It does not represent psgfad use of both shared and
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dedicated space. Similarly, at the other extreme with the case pack illustrated on the right
of the figure, the dedicated space compare
space that could fit one more unit on the shidffill that single space the store could

buy a fAlasto or fAadditional 6 case pack and

1 unit of extra
dedicated space

1 unit of shared space
Instore logistics
Almost all of the case postponement most
pack is put in its likely applied here
dedicated space

Almost all of the case
pack is sent to shared
space.

Figure3-7 Internal postponement and the ratio of sharecktbahted space

In practice, it is highly unlikely that the store would decide to have higher
inventory investment just to fill dedicated shelf space that is empty due to the dimensions
of the item. With the Postponement construct, the indicator meashe@myoportion of
dedicated space to case pack size, assumes that this scenario is a more likely instance of
internal postponement than the scenario illustrated by the box on the left. Unless
completely out of additional shelf space for the item, theestmuld more likely add a
facing or two to increase the dedicated space for the item. In this way, even if there were
some units sent to shared space, there would at least be a greater proportion of the case

pack on the store shelf. In other words, igare on the very right of the illustration is
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just as unlikely as that on the very left to be an example of instore logistics
postponement. The scenario in the center of Figigeh®wever, where the contents of
the case pack are equally split betweesrsth and dedicated space, is a dependable

instance of purposeful use of both types of space.

Consider the following decision rules for a new 0/1 indicator, Post, for the
Postponement construct, where 1 indicates postponement implementation:

Post=1 If shared units equals excess units
Or if excess units is 580% of case pack size
Or if excess units is greater than or equal
to 20% of the dedicated space for the item
Post=0 If shared units or excess units is zero
Or if excess units aless than 20% of dedicated
space and less than ¥ the case pack size
When the shared units for an item is equal to the excess units for that item in
dedicated space, that means the case pack is evenly split between shared and dedicated
space. If the emptgr excess units of space on the shelf is more than half of the case pack
size, then that empty space is likely going to be filled by a partial case pack. The 80%
upper threshold mirrors the 20% minimum of the next condition which makes Post equal
1.Thats, i f at | east 20% capacity of the shel
other cases, the Post dummy is zero. Th8@d cutoffs may be tested with a more
robust dataset having a greater variation of case pack and dedicated space vahees, but t
% case pack size needs to remain the most likely scenario of instore logistics

postponement. This decision rule results in the following breakdown of observations:

Table3-8 Postponement dummy grouping aftd (number of observations per cell)
Isotonics Yogurt
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Post=0 4,828 2,194 57.99%
Post=1 3,755 1,332 42.01%
70.88% 29.12%

A few observations can be made about how the data is grouped with this new
definition of postponement. First, the lagtv in Table 39, shows over 70% of the SHO
data is for isotonics items with the remaining for yogurt. This difference is not because of
the Post variable definition but simply because isotonics are tracked an average of 319
days while yogurt is tracked fooughly a third of that time (129 days). While the very
right column does not show an equal partitioning of the Post dummy by category, it is
very close to being equal. Yogurt shows a greater difference in subset size and this may
be because of the ngaidentical dimensions of yogurt items. One facing of a store shelf
can hold a certain number of wunits of an
case pack can hold a certain number of uni
dimensionsand weight. Because of this, any data set will have observations of shared
space units and excess dedicated space units occurring in certain combinations more than
in others. In other words, the differences in breakdown between the two product
categories ray rest in the difference in item dimenstions. Similarly, the proportion of
case pack size or of shelf capacity will also occur in certain combinations more than
others. To illustrateAppendix X lists two separate tables of the capacity and case pack
combh nati ons as well as the shared units and

sample.
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The Postponement construct is respecified using the Post dummy with similar
CFA used to bring the original indicators in the measure together. This time itetonsl
are: Post, the proportion of case pack size that is in shared space, and proportion of
dedicated space that is in excess (columns 3 and 4 of Tdbld Be structural covariates
also change to include: excess units, shared units, store dummesemdbr dummy for
a vendor which provides direct store delivery for its products. The same 5 model
variations as in Table-3 is retested by running the models with this new Postponement
indicator, Post. Table-BO shows the results from these modekteBhe hypothesis
support does not change at all between TalleBd Table 0. The fit of each model in
Table 310 improves as compared to its counterpart in Taldlevdith lower AIC and BIC
values. Model (4) still has the best fit in terms of smabesiduals and increased
explanatory power as compared to the original model (1). However, the greatest
difference is the explanatory power of the Postponement construct. For model (4) it goes
from accounting for 11.5% of the variation of the data té®/Awvhen using the Post

dummy.

Since the explanatory power of the construct increases so much by changing one
indicator, and since the indicator is time invariant, another respecification of the model is
warranted. This time, instead of having eaxdicator come together as an Availability or
a Systemic Driver construct the model specification will test for the same hypotheses as

before, but with the indicators directly in the model as in Figtife 3
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Category SHO
duration rate

Weekl
Y Category SHO
category sales
event rate
. Vendor SHO
Mean |Tcem Postponement eventrate
velocity

Store SHO
event rate

Iltem

unpredictability

Item SHO

duration rate

DIRECT RELATIONSHIPS AS WELL

Item SHO
event rate

Figure3-8 Generalized structural equation model
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(1)

Observations:

12,109 Original
Systemic drivers ~ 0.002
A SHO (direct) ~ (0.002)
Systemic drivers  -0.004***
A Postponemeni  (0.000)

Postponement ~ -0.184***
A SHO (0.040)
Systemic drivers
0.001***
A Postponement
(0.000)
A SHO
SRMR 0.056
CD 0.976
AIC
BIC

Equationlevel goodness of fit (B

Systemic drivers 0.688
Postponement 0.876
SHO 0.483

(2)
Removes
weekly
open
minutes
0.007**
(0.003)
-0.004***
(0.000)
-0.207***

(0.041)

0.004***

(0.000)

0.060

0.969

0.687
0.876

0.342

(3)
Includes
week and
category
controls
0.008**
(0.002)
-0.004***
(0.000)
-0.203***

(0.039)

0.001***

(0.000)

0.025

0.977

0.694
0.877

0.506

4)
Includes
week
controls
0.008***
(0.002)
-0.004***
(0.000)
-0.206***

(0.039)

0.001***

(0.000)

0.024

0.977

0.688
0.876

0.506

()
Includes
category
controls
0.007***

(0.003)
-0.004***
(0.000)
-0.205***

(0.041)

0.001***

(0.000)

0.063

0.970

1,463,058.3 1,167,201.3 312,169.5 311,155.3 1,169,722.2

1,463,539.4 1,167,660.2 313,353.8 312,347.0 1,170,188.5

0.694
0.877

0.342

Table3-9 Models retested using Post (0/1 dummy) as a Postponement indicator
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The specification of the modelFigure36 i s run with Statads
because both the endogenous and all of the exogenous dependent variables have different
distributions. The endogenous dependent variable Postponement carries the 0/1 values of
Post, so it is a logit model (Baulli family with logit link), while almost all of the
duration and event rates (the exogenous dependent variables) are Tobit models and belong
to the Gaussian family with leftat 0) and righttensoring (at 100). Item SHO event rate
is an exception tdiis because it is a count variable measuring the attribute of frequency
(the other event rates measure breadth). The count variable is modeled with the negative
binomial and log link, with constant dispersion assumed. All of the controls used in the
modelpreviously are included in each equation of this model as well. For visual
simplicityds sake, the arrows from each der
item velocity, item unpredictability) to each stockout variable have not been included in
the @mnceptual illustration although they are included in the model. Only the total effects
(any indirect and direct effect together) are provided in the output. Indirect effects of
demand variables on availability can be found by multiplying the parameteagsfior
the demand to postponement relationship with that of the postponement stockout

relationship.

While each individual coefficient estimate is not directly testing the hypotheses in
this study, the signs and significance of multiple estimates togsgheinly shows a
pattern towards supporting or not supporting the hypotheses. For the first hypothesis on
the effects of systemic drivers on SHO (H3.1) there are three different coefficients for
each of the six dependent variables in the availabilitiaggns (center of Table BL).
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These coefficients are the total effect values, which was found to be significant (p=0.028)
and positive in the prior specification (Figur&B When using the systemic driver
indicators separately as category sales, itelmcity and unpredictability, the total effect

of each on the SHO measures are almost all positive and significant. Notable exceptions
are for the Category Duration and Store Event Rate dependent variables. The average
item unpredictability has no signifiat link on either one of these aggregate measures
while item velocity is linked to a significant increase in duration but not store frequency.
Additionally, category sales are linked to increased store and category SHO frequency
but decreased duratiorg that stores on average are able to sell more when they can
replenish both more quickly and more frequently. This suggests instore logistics
postponement implementation and future research would help in determining how SHO
event rates and durations amkid with one another to better explore their relationship

with postponement.

Are systemic drivers linked to instore postponement (H3.2)? In the previous
specification of the model the relationship was not supported with a negative instead of
positive relationship as hypothesized. The theoretical framework for instore logistics
postponement presented in Figuf2 8aid increasing systemic drivers should be linked
to increased use of both types of store space. The separate indicators iretitencoel
(Table 311) are all significant. However, negative coefficients for category sales and
item velocity and a positive coefficient for item unpredictability suggest that systemic
drivers differ among one another. The results show that more urtptgditems are
more likely stocked on dedicated shelf space and in shared space as safety stock (top
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right corner of Figure-2), whereas higher velocity items and product categories are

more likely stocked only on the dedicated shelf for maximum avhilaf@ottom-right

corner of Figure ). In this way the current model supports the hypothesis of the

positive link between systemic drivers and postponement while it also supports the
previous model 6s results basemoremuancedhe Syst

view in the current model shows competing demand drivers to postponement.

The postponement implementation and product availability relationship (H3.3)
finds partial support in this current model (Tabl&é13. The path coefficient in the prior
specification (Figure %) supported the theorized negative relationship between
Postponement and SHO. In TabldB the only significant negative parameter
coefficients for postponement is at the category level, with a decreased SHO duration and
frequerty. Both of these lend support to the hypothesis. There is no support of H3.3 for
the SHO attributes by store and by item. Further research categorizing items-tayr high
low-systemic driver classification could compare expected likelihood of postponement
implementation with survey data from stores on whether both inventory space types are

indeed used depending on item attributes.

On the other hand, there is a positive relationship, or increased SHO frequency for
vendors when there is instore logisticstposement. The vendor SHO rate also had a
significant positive link to all three systemic driver variables. This suggests postponement
has a different mediating relationship with availability when considering the vendor as

opposed to the category, stordtem SHO frequencies. Although substitutability is not
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within the scope of this study, the store receives planograms to implement based on prior
sales and retailer negotiation with vendors. The total dedicated space per vendor is smaller
than the total ddicated space for the product category and each vendor prefers to offer an
assortment of items to capture a greater share of customers. Customers are likely to switch
to items from the same vendor when faced with SHO of their initially preferred item.
Therefore, the average item by vendor may appear to SHO more often when
postponement is implemented with an emphasis on shelf space and a strategy leaning

towards efficiency instead of availability (tdgft corner of Figure ).
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Postponement equatiofiH3.2: higher demand drivers linked to postponing items)

-0.008***
Category sales (0.001)

-0.044%+
ltem velocity (0.003)

0.079***

ltem
0.008
unpredictability ( )

Avalilability equations

(H3.1 and H3.4: Totatffects of demand on stockouts)

Category Category Vendor  Store Item Item
Duration Event rate Event Event rate Duration Event rate
rate

Category sales -0.003*  0.097**  0.070%* 0.014**  0.004 0.002%**
(0.001)  (0.008)  (0.010) (0.006)  (0.008)  (0.001)
0.024**  0.072*  0.113%* 0.0153  0.122%*  0.008***
(0.004)  (0.025) (0.317) (0.019)  (0.023)  (0.001)
item -0.003 0.279%*  0.251**  0.070 0.127*  0.021%*
unpredictability (0.012)  (0.073)  (0.091) (0.055)  (0.068)  (0.004)

Item velocity

(H3.3: postponement linked to lower stockout occurrence)

Category Category Vendor  Store Item Item
Duration  Eventrate Event Event rate Duration Event rate
rate
-0.182**  -1.645*** 0.996* 0.508 -0.457 -0.027
Postponement  n7ey  (0.471)  (0.590) (0.357)  (0.471)  (0.033)
Degrees of 500
freedom
AIC 448,726.5
BIC 452,427.4

Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001
Table3-10 GSEM results
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3.5Discussion

Previous product availability research
dedicated (shelf) space are important considerations in shelf and store stockout levels
(Eroglu, Williams, & Waller, 2011)These iterbased #ributes are said to affect
aggregate |l evel availability measures beca
way for inventory overflow(Eroglu, Williams, & Waller, 2013)which then sets the store
up for poor instee replenishment because of the backroom eff¥etler, Heintz

Tangari, & Williams, 2008)

Previous postponement research suggests postponement and speculation can
improve retail inventory management for online retailehe @eneral consensus,
however, is that Aéin traditional retail e
decisions are centered on either inventory location specutatipro s t p o r(Baileg nt 0
& Rabinovich, 2005, p. 161)This study suggests that traditional braokdmortar stores
do implement both speculation and postponement within their store walls. Instore
logistics postponement is the purposeful use of both dedicated and shared space for an
item and combinesrtie and place postponement by speculatively holding more than the
dedicated space allotted for an item, and delaying its forward movement to the customer

by keeping units in shared space.

This study combines postponement and product availability streashswothat

logistics postponement decisions do occur within a firm. The suggested mechanism
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behind its implementation in a retail store, or instore logistics postponement, differs from

the traditional tradeffs considered in interfirm postponement. A stoas a strategy in

mai ntaining an item, either towards effici
demand attributes (velocity and unpredicta
space, it will opt for instore logistics postponement, instéath emphasis on labor

which would result in the item being stored in dedicated space only.

Does instore logistics postponement improve availability? The answer is
complicated. The postponement measure in the study is at thieitelnand provides a
measure for the relationship between case pack size and dedicated shelf capacity.
Avalilability measures are at aggregated levels, either by vendor, category or store, as is
convention in retail availability research. While the models presented here show a
negative relationship between instore logistics postponement and SHO levels, further
exploration with different structural covariates illustrates a more complicated picture. The
decreasing explanatory power of the Postponement construct when a prodyartycate
dummy is added suggests that the store does not decide to use both shared and dedicated
space at aggregate levelsver an entire category or throughout the entire store at once.
Additionally, due to the negative relationship between demand drindrpa@stponement
implementation, the indirect effect of demand on stockouts through postponement is still

significantly positive.

This study presents a conceptual framework which may partially explain such

unexpected results. One of the two hypothesesatieatot supported is that
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postponement is increasingly implemented w
drivers. This in turn plays a part for the lack of support of the hypothesis of
postponement &8s medi ati ng t hereshepeaatolste and st
following an efficiency strategy with items having lower demand drivers, with an

emphasis on shelf space. While it does make sense to try to capture a greater portion of

more predictable demand using a greater assortment of itemspi¢ caore difficult to

manage a larger number of ite(i®n & Raman, 2010)ithin the same amount of

dedicated space.

This study aims to spur discussion and further research into refining both the
measure of instore logisticegtponement and its antecedents as well as performance
effects. The data sample used here does not group items as havimay leglhdemand
drivers. An empirical test using such groupings may be able to pinpoint which items also
used shared space and trarresponding stockout levels. Other measures than the
postponement indicators presented here may be developed. Using the shipment size of an
item instead of the case pack size may provide a clearer picture of when an item is being
internally postponednstead of assumptions about when it is more likely that

postponement is taking place.

Future studies should focus on item characteristics to categorize items into one of
the four areas in the box of Figur€3A study (Dubelaar et al. 2001) of demand
uncertainty and inventory levels found no support for a relationship between the two, and

noted that their measure of inventory levels did not differentiate between safety stock and
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cycle stock. Although they did not consider sales velocity as well, thejestign to

separate inventory levels by type of stock was based on the reasoning that
unpredictability increases safety stock. Velocity increases cycle stock, and the differences
between these two stock types formed the basis of the conceptual framewigikréen3

2. In this suggested framework, higemand driver items where the store emphasizes
shelf space has its safety stock in shared space. For items with low demand drivers, the
shared space is used for both cycle and safety stock, to be able &sénassortment

depth among these more predictable items. Categorizing items by both their velocity and
unpredictability into a highor low-demand driver grouping would allow for empirical
testing on whether space or labor is emphasized by the storeffoiteaould also allow

for empirically testing if stores implement different strategies (availability for high
demand driver items and efficiency for low demand driver items) as Fisher (1997)
observes for supply chains of innovative and functional it&na&lying ways of

categorizing items could be the first step in finding empirical support for the demand

driver and postponement implementation framework presented in this study.

Another avenue of research is to explore what factors may affect the r&hgtion
between instore logistics postponement and product availability. For example, the
differences between the physical and information flows that take place in the store has
been presented in this paper. Simulations of generalized inventory recordacgcoud
its impact on fill rates, which is essentially a measure of product availability, have found
a significant relationship between increasing record inaccuracy and decreasing fill rates
(Nachtmann, Waller, & Rieske, 2010However, the literature still lacks study of
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inventory error specifically caused by the-ofisynch physical and information flows
presented here. With shelf liner technology development it may be possible to get a
clearer idea of how many units of @@m has entered the store and how many units of it
is in dedicated space. Using such information may aid in the study of any moderating

effects record inaccuracy may have on the postponement and availability relationship.

Some of the limitations of thigudy can be improved upon in future work. For
example, the first step of instore logistics activity for a store is placing an order (Curseu
et al., 2009). Order size, even at an aggregate product category, brand-levstoras
not available. Interviea/revealed the stores receive orders every week and that the order
size is meant to cover 7 days of sales. Because of this the model included average weekly
item sales, generated from a@8&y sales data file. However, this value was not used as a
proxy for order size. That may have been possible if inver®rgl information (starting
onthand inventory or ending inventory, etc.) was provided, but even then the model
would have to assume that item order size does not significantly vary from week to week.
Although weekly category sales were provided, they were for the year prior to the data
sample, and were included in the model to account for demand differences between stores
and from week to week. Similarly, no information on how much safety stock ot targe
service levels of items or product categories were provided. Although prior studies using
case pack size and shelf capacity also do not include information on order size, future

studies would benefit with some sort of measure of what actually enteatotbe
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Other limitations have to do with the data fields that were included. First of all,
since this is a new shelf liner technology and has not been implemented throughout an
entire product category or entire store, the data sample consists of omigrtvab
product categories. One of the product categories, yogurt, has a single case pack size
regardless of vendor or item. While the dedicated space for this product category does
vary from 18 to 72 units, 90% of the 86 items have less than 54 uxi¢slichted shelf
space. One quarter of the items (22 items) have 18 units allotted to dedicated space. Due
to the limited range of both of these values, it is not possible to test the structural equation
model 6s group 1| nvar i anuggestsihgtthe casegaclcsizeandht e g o
shelf capacity relationship may only play a part in those product categories where both of
these fields sufficiently vary. Secondly, the capacity data is in terms of units, as it is for
case pack size. However, the aleshelf capacity itself is constrained and carries a
different number of units depending on the item size. In other words, 10 units of a small
item does not take up the same amount of shelf space as 10 units of a large item. It may
be possible to includsome measure of thioportionof shelf space an item takes up
based on its dimensions, instead of on its units. The store is more likely to internally
postpone items that are larger in size because they take up a greater proportion of their
constrainedlself space. Whether the store internally postpones items more because of

item dimensions or demand attributes may also be related to availability outcomes.
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Chapter 4 Are sales greater for a product with frequent short
stockouts or less frequent longtockouts?

This chapter focuses on SHO events themselves, taking advantage of a technology
source which captures the actual SHO event in its entirety. Two different attributes of
SHO are pulled from the event data, frequency and duration, and are brikeith ISHO
antecedents and its effects on sales. While antecedents and effects of SHO are normally
two different streams of research, the SHO attributes used in this study are not estimated
through sales or simulation methods, so that it is possiblekithignattributes to one
another, to sales, and to itdmased (supply and demand drivers to SHO) differences.

The demand driver is sales from the previous store week and the supply driver is the
backroom effect, measured with the relationship betweenpeasesize and item shelf

capacity. This study contributes to itehe availability literature by showing a nonlinear
relationship between an itemosonBddlO fr equen
relationship between these SHO attributes and sales Stt@edemand and supply

drivers are controlled for.

4.1 Introduction

Since 1721, a Astoreo has mea@nlinea Apl ac
Etymology Dictionary, 201630 that having items available for customers is the co
function of retailers. In 1916 the first sskrvice store PiggiWiggly opened its doors

with todayoés fAi mp e (Regam BD60dlewing dustomgrsto veatkh ni g u e
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around the store inventory and select items fetwelves themselves without relying on a
store clerk to bring a product upon request. This shift tesgelfice made it possible for

a product to be stocked out or demanded by customers without the knowledge of store
personnel , makilga d K(Rdeksnt Knbaah, &Beidi, 2003pra i |
management. Since the switch to safvice storeghere have been efforts to measure

and control shelf availability and replenishment, to improve instore logistics processes
andto manage product categories so that customers searching for items can find them on

store shelves.

Despite four decades of resea(élastrup & Kotzab, 20109n the retail shelf
stockout (shetbut or SHO) phenomenon, the giblaverage stockout level of a store has
remained fairly constant at 8f@ruen, Corsten, & Bharadwaj, 200B)epending on the
product category, 4.9% to 12.3% of the items a store offers is not on the shelf at any
given time(Gruen, Corsten, & Bharadwaj, 2008ome studies suggest higher SHO rates,
finding that most of the SHO are due to poor instore replenishi@trtgen, Boatwright,
& Kadane, 2018)When an item is not at its dedicated shetfce, some customers may
ask about the itemb6s whereabouts and store
SHO item. One study found customers lose 20% of their shopping trip time while stores
|l ose $200 to $800 per we egkorthenSHO emgGuen( Al ost
& Corsten, 2008)Despiteonline spending reaching 9% of all purchgs#ncemore than
half of customers still prefer going to a store to buy an item even if it is also offered

online(Stanley, 2016hew retail stores and chaiosntinue to ope(Buzek, 2017)
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Consequentlyhte SHO phenomenaemainsa relevant issue for briekndmortar

retailers.

The effects of SHO are generally worsening retail performance. Industry studies
find SHO events caus annual worldwide loss 8600 billion dollardBuzek, 2015)n
retail sales. Scholaedsofind that market share decreases both in the g¥\art Zhai, &
Liu, 2015)and in the long ternfiCampo, Gijsbrechts, & Nisol, 20Q3)his may be
because customers who face SHO switch stores at rates of abo(ZiB@% Liu, 2008)
to 81%(Corsten & Gruen, 2003With repeated SHO experiences, customers lose store
and brand loyaltyTurk, 2012) In some cases, however, retailers can take advantage of
SHO of <certain brands so customers switch
profit margins(Shah, Kumar, & Zhao, 2015For this reason, research using SHO as the
backdrop (antecedent) to customer loyalty and stoekased substitution phenomena
view SHO as something to optimize instead of merely minifiizautrims, Grant,

Fernie, & Harrison, 2009)

Measuring SHO events has been the greatest stumbling block to research,
requiring scholars to test relationships of observable attributes of SHO instead. Four
general attribute types are: frequency, breadth, duration, and intghsign & Corsten,

2008) Frequency measures how often a SHO occurs for an item during a unit of time and
is referred to as an item SHO event rate. The event rate for entire product categories,
vendorsor stores measus¢he breadth of shelbuts ty counting the total number of

items that are SHO at a moment in time and finding its proportion to the number of items

285



offered. Another proportional rate is the duration rate which measures the amount of time
within the stor eds isSHA Finalygstockounirdensityh er e an
attributes measure the amount of money or number of units of an item or entire baskets

(Anderson, Fitzsimons, & Simester, 20@6)tems which are lost due to SHOs.

Each attribute type is rasured using different methods. Breadth measures are by
far the most prevalent attribute used in stu@@ssten & Gruen, 2003)jnce it simply
requires looking at a store shelf and counting the number of stocked out Nartiple
visits auditing the same shelf allows for use of frequency meagtliesgor & Fawcett,
2001) as do computer software simulating stockouts under various scefaogh,
Williams, & Waller, 2011) Simulation programs also allow for measuring stockout
duration, which is the least often used measure in stockout ref@érchluang,

Blackhurst, Zhang, & Wang, 2013 HO intensity requires estimation methodsg an
experimental setufAnderson, Fitzsimons, & Simester, 20@8)with pointof-sale data
(Grubor & Milicevic, 2015) where it is assumed SHO occurs based on when item sales
drop uncharaeristically. Pointof-sale data can also be used to estimate both the
stockout duration and frequency within the same s{Gayen & Corsten, 2008)

however such studies are limited to studying the antecedents qfs8® the same

sales data cannot then be used to study SHO effects.

Although Gruen and Corsten (2008) recommend using multiple attributes in a
single studysuch work is extremely scarce. Of the four attributes, intensity can be

considered a consequer(egfinancial or unibased loss) of SHO. As such it is most
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often found with the attribute of SHO bread&nderson, Fitzsimons, & Simester, 2006)
where customers who face SHO in a greater number of items in one period weaike fe
purchases in a later period (intensity or customer impact). Of the other combinations of
attributes studied togethé€Campo et al(2004)are often cited as having studied the
effects of SHO frequency and duratiom€elr work surveyed customers on temporary
SHO versus a retailerds decision to decrea
similar to customers experiencing repeated (frequent) #H® & Lennon, 2011 )r

SHO which last a log time(Hendricks & Singhal, 2003jand they found that more
customers would switch stores in cases of an assortment reduction than a temporary
SHO. SHO duration and frequency are not measured, estimated, operationalized, or
tested in their study. Indeed, they state that the effects of SHO frequency and duration

attributes are still unknowfCampo & Gijsbreachts, 2005)

This paper brings together both SHO frequency and duration using pilot study
data from one of a few different types of shelf technologies currently in development.
Developing tedhmel agy(Griien & Gdisters a0@8)f SHO
reflect retailer efforts, such as Amazon &ptak, 2017) to continally provide sel
service shopping while also measuring and controlling shelf availability. Availability can
be tracked using video imagifBosado, Goncalves, Costa, Ribeiro, & Soa26456)
(Moorthy, Bhargave, Behera, Ramanathan, & Verma, 2@l 8¢tect when items have
been moved. Notification of completely empty shelves can use light emitting technology
(Frontoni, Mancini, &Zingaretti, 2014pr weightbased sensors, as in this study. RFID
technology can only track case packs and not individual units since it is cost prohibitive
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(Gruen & Corsten, 2008nd mobile apps which require customers to scarpnod@duct
code when faced with a SHO is deemed too consgemric, as it relies on the shopper

to alert the stor@loorthy, Behera, & Verma, 2015)

This work contributes to SHO literature by not only studying both freqyuand
duration at once, but by also studying the relationship between the two attributes
themselves, their antecedergad their impact on sales. First, after a review of duration
and of frequency in extant work (Section 4.2) the paper presents a c@iéephework
on how duration and frequency are affected by demand (4.3.1) or supply drivers (4.3.2),
how the attributes relate to one another (4.3.3) and how they in turn are linked to sales
(4.3.5). The method used to test the hypotheses is descriBedtion 4.4. Results (4.5)
are discussed (4.6) in terms of SHO frequency and duration attributes followed by
implications of where future SHO research may lead with actual SHO events being
captured as in this study, and as scholars recom@oussaoui, Williams, Hofer,

Aloysius, & Waller, 2016)

4.2 The duration and frequency of retail shelf stockouts

Since the bulk of SHO research is around the breadth of SHO occurrence in
product categories or stores, the effects of item SHO duration and of SHO frequency on
an itembs sales has not been firmly establ

of two empirical studiesf interestfor these two attributes are summarized in Takle 4
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There are other studies that mention SHO frequency (Waller et al., 2008) or duration
(Rosales et al., 2018) in developing the theory behind their research questions or
experimental design, but the summary table includes only those works that actually focus

on frequency or duration as outcomes or antecedents to other performance measures.

Paper Wu et al. (2013) Eroglu et al. (2011)

Study focus | Effects of SHO duration Antecedents to SHO frequency

Attribute Experimental factor

Number of shelf stockouts per yee
measuremer|

Levels: 4, 16, 28, or 42 hrs.

Dependent | Difference in market share for
variable product or for store

-SHO duration
-proportion of customers with [ -mean units sold per day
various responses to SHO -units of shelf capacity for item
depending on product category| -case pack size in units
-original market share of store

SHO frequency

Independent
variable

NetLogo discrete agent
Analysis simulation (provides parameter| ANOVA tests discrete event
method estimates with significance simulation outcomes

levels)

-demand strengthens the negative
-SHO duration has a greater | relationship between shelf space ¢
effecton market share differenc| SHO

than the initial market share -case pack size strengthens the
Findings -product and store market sharq¢ negative relationship between she

outcomes worsen at different | space and SHO

rates depending on product -there is a 3vay interaction among

category shelf space, case pack quantity ar

consumer demand

Table4-1 Selected research on SHO duration and freque
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There are three main studies that refer to SHO duration. rBhatiidy is funded
by Proctor and Gamble and reports the stockout duration pattern for 13 stores following
an unknown number of product categofi@&suen, Corsten, & Bharadwaj, 200%) that
sample, one fifth of items areplenished less than 8 hoafserbecoming SHO, while
another fifth are replenished after 3 days. Most SHO last between 1 and 3 days, although
it is not clear if these SHO durations include closed store hours. Closed hours are
included in SHO duratiomia second study where SHO events are estimated from-point
of-sale datdGruen & Corsten, 2008Pointof-sale (POS) data for 200 of the fastest
moving items over two weeks in one US store shows 25% of SHO events last 3 days or
more while 40% last 1 day or less. While this seems like a similar pattern as the first
study, a second sample from a diffiet retailer over 12 months and 100 items shows
more than 90% of SHO last at least 3 days and very few items appear to be replenished
on the same daruen & Corsten, 2008, p. 18oth of these oftenited waks revolve

around descriptive statistics of SHO attributes and methods of estimating them.

Performance in terms of product and of store market share is linked to SHO
duration in the third studfwu, Huang, Blackhurst, Zhang, & Wgn2013) listed in
Table 41. Wu et al. use SHO duration as an experimental factor and assign different
levels of SHO duration in a series of simulation experiments. Experiments show that if a
retailer reduces an it e @bosrs, Bi¢ip@oduttumarket i on f r
share of an item from the paper towel, salted snacks or coffee categories will improve
even more than the improvements in store market share. Store market share will improve
more for cosmetics and shampoo items, which researshggest points to another one
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of their experimental factors: consumer response to SHO. For cosmetics and shampoo,
the proportion of customers who would switch stores is set to be 1.5 to 2 times greater
than the other product categories. Product categaiih brand or item-loyal customers,

it is implied, are more important for a store in terms of focusing on the duration attribute

of shelfouts.

Two of the three main studies on SHO frequency do not directly test this attribute
in terms of antecedents effects. Corsten and Gruen mention SHO frequency in both
phases of their research (20@R08). In the first phase of their study, they report that a
greater proportion of surveyed customers would not buy an item at all if the customers
face three SHO aspposed to the proportion of customers who would not buy the item
after facing a single or two SH@ruen, Corsten, & Bharadwaj, 2002, p..30)this case
frequency refers to the number of times a customer findsréierred item stocked out,
and it is possible that multiple customer SHO experiences are linked to one long SHO
event. In the second phase of their study, SHO frequency is only directly mentioned as a
SHO attribute which gives sheflut rates at the itetevel. However, a look at PGS
estimated shelbuts over a store week shows different patterns of SHO events with
implications about frequency. For example, a weekly chart of 21 weeks showsigkelf
occurring twice a week (on Saturdays and Wednesddys).aithors state that the store
has two deliveries per week but should have four. Another example shows an item
stocking out every single day. Gruen and Corsten (2008) state higher weekly SHO

frequency indicates insufficient dedicated shelf space fortédms While not studying
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SHO frequency directly, their observations imply different antecedents to SHO are linked

to different levels of SHO frequency.

The remaining work, listed in Table}4 on SHO frequency uses simulation to
study the antecedents 8HO eventgEroglu, Williams, & Waller, 2011)SHO events
occur more often for an item at different shelf capacities as demand rates increase or as
case pack size increases. Casetheack si ze
negative relationship between shelf space and SHO frequency is found through a
simul ation experiment. The experiment uses
category. The product category is audited by a thady once a month for 24 months for
3 different items. The 3 items have different levels of daily demand (differing from each
other by 2 units per day) and also differ in terms of the item casesac&ndshelf
space in units. Units of shelf space is considered to be a factor at 18rdiféxels (12
to 24 units) for a total of 117 different scenarios in the simulation experiment. Depending
on the combination of demand, case pack size, and shelf capacity, the item may have
additional units available in the store that do not fit on HedfsShelves are
automatically replenished with these units
item reaches a reorder point, an order is
the number of times an item SHO over ten years. ANOVAyapalthese outcomes to
test the hypotheses of the moderating effects of case pack size and demand on the
relationship between shelf capacity and SHO frequency. A-thaganteraction between

demand, case pack size, and shelf capacity is also found.
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Thesimulation experiment does not entirely reflect a realistic environment in
practice but serves to explore the relationship between case pack size, shelf capacity and
item demand. In practice, store shelaad shipping boxes (case packs) are of standard
dmensi ons and the number of CU that fit on
dimensions. Bgle unit incremental changésor t he it embés dedi cated
pack size is not likelyFor example, a cereal box may be placed on the skeaifjfthe
customer with additional boxes, perhaps 5, behind it for a total of 6 baxgsdditional
facings would change the dedicated shelf space by increments of 6 instead of a single
CU. Similarly, if one shipping box (case pack) can fit 6 boxes cdalethe next
incrementally larger shipping baxill not usually fit exactly 7 boxes of cerealnldss
the manufacture purposefully makes shipping boxes incrementally lardeisfoereal
box example or for items of evedymension the number of CU frorone case packze
to another will also not vary by single incremeihtsthis waythe simulation study
(Eroglu, Williams and Waller, 201 Bppears tdest a nonrealistic combination of case
pack sizes and shelf capacitibst does so in order to showwdhe relationship between
the two timeinvariantitemb ased characteristics has an ef
frequency over time. Increasing shelf capacity for an item of a set case pack size
decreases SHO frequency, while increasing case pack size femawith a set shelf

capacity increases SHO frequency (Eroglu, Williams and Waller, 2011, Fig. 2, p. 427).
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4.3 Theory and Hypotheses

Consider a store using periodic inventory review, where orders are placed for
items at regular time intervals awdryingorder size. The order size for each item may
depend on a number of itemnd storespecific factors, but that order sigechosen to
ensuresufficienton-hand inventory at the beginning of an inventory cycle (in terms of
meeting all or an acceptable proportion of estimated incoming demand) until the next
order is received. Until the next order is received, whether a SHO occurs thering t
inventory period depends on customers taking units away from the shelves (demand) and
store personnel putting units on the shelf
of these supply and demand drivers to SHO. If the demand for the inveptbeyis
greater than forecasted then this demand driver may result in a store stockout (STO type
of SHO). Depending on the case pack size and shelf capacity relationship, the
replenishment of the shelf may not properly take place (Waller et al., 2008)isnd
supply driver may result in an instore replenishment stockout (IRO type of SHO). This
study considers both demand and supply drivers as antecedents to SHO to see its impact
on store saless illustrated in Figure-4. A more detailed model is illugtted in Figure

4-3 at the end of this section.

supply: case pack

. . requenc

size & capacity freq 4 item
demand: prior week \ J ) un;t
item unit sales uration saies
SHO antecedents SHO attributes SHO effects

Figure4-1 Study overview
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4.3.1Demand driver to SHO

| f the demand during a storeds inventor
cycle, SHOoccurs for one of two reasons. The first is poor forecasting in terms of not
being able to properly gauge cycle demand. While the impact of poor forecasting is
beyond the scope of this study, a revidypmduct availability has found that poor
forecastingncludes both undeand ovetforecasting and that both increase SHO
(Moussaoui et al., 2016). Their review includes an umbrella categorization of higher than
anticipated demand as fAsystemic driverso:
velocity. Demand autocorrelation is the phenomenon observed in sales patterns over time
where there is a similarity or connection between sales quantities in consecutive time
periods (days, inventory cycles, or other time unit of analysis). Seasonal purchases or
those during a store week with a promotion or discount are examples afoaretated
demand. Moussaoui et al. (2016) state that not accounting for autocorrelation leads to
poor forecasting. Zinn, Marmorstein and Charnes simulate different levels of demand
autocorrelation and find Awhen (positive)
or is ignored by management, customers will experience larger and more frequent
stockoutso (1992, p. 182). Just | i ke deman
has been linked to increased SHO through poor forecasting (Moussaoui et al., 2016).
Poor forecasting, for whatever reason (derdaasked characteristics, computational
limitations, software issues, personnel issues, etc.) is actually-af-statre supply

driver to STO and outside the scope of this study.
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The second way demand during a storeds
available supply is the last demaradated systemic driver identified by Moussaoui et al.
(2016), demand velocity. Demandagity is the number of units an item is purchased
over a specific period of time. In their review, Moussaoui et al. (2016) state that there is
no consensus of the effect of sales velocity on SHO since some studies link increased
velocity with higher SHO ccurrence while others suggest higflocity items are better
monitored and replenished by store personnel and thus linked to lower SHO. The idea
behind how velocity drives SHO is that the units of an item move so quickly off of the
shelves that store persnel do not have enough time to replenish the ittherfrom
the backroom or from a store delivery. The difference between &nghlowvelocity
items gets exacerbated ifthelewe | oci ty item has fAtoo mucho
the highvelocityi t em has Atoo | ittl eodo shédihditemsspace (
are somewhere in the stdyatare not available to customers because they are not in the
space dedicated to them on customeressible shelvake sales velocitgrivesan IRO
type of SHO.A STOoccursif the demand velocity is sufficiently large enough to exceed
the storebds entire stock of the item. I n t
are able to replenish the item, as there are no units of the item leftsitotbavith which

to replenishuntil the next store delivery

The contradictory findings on the relationship between demand velocity and SHO
may stem from which hypotheses were tested and the use of different attributes of SHO.
Taylor and Fawcett (2001)cou t he number of different ite
inventory and compare the proportion of inventory that is SHO between items that the
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store is promoting and those that are not. This measure of SHO is a breadth attribute
which Corsten and Gruen(@3) also use when finding that the proportion of faster
moving items that are SHO is greater than the overall SHO rates of the items in their
study. They state that promotional items and$adiing items largely overlap, as the
promoted item attracts mecustomers than a regular item. DeHoratius and Raman
(2008) measure inventory record inaccuracy as the difference between recorded and
actual inventory levels of items. They take the total annual units sold of their data and
find that the top 10% of undales are items that have the greatest inventory record
inaccuracy. No SHO attribute is measured, but it is assumed the larger the record
inaccuracy the more likely personnel will be unaware of items running low or being
completely out of stock on storeedves.The Grant and Fernie (2008) study whislsaid

to suggest lower SHOs with higher saies survey of four different types of retailers

This explorative qualitative paper reports that one of the retailers interviewed (a mobile
phone retailer) stad that product availability has been an issue for promotional items
and additional staff training is taking place for better promotions management. None of
these studies actually test for the relati

SHO occurence.

The two arguments for whether demand velocity and SHO occurrence are
positively or negatively related both consider instore replenishment behavior within a
single period of time. For the argument that they are positively related, the speed at which
units of an item are taken off the shelves (customer purchases) is faster than the speed at
which store personnel restock the shelves during the same period of time. The instore
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replenishment is done insufficiently, so that a SHO occurs when it needveotHor the
negative relationship, store personnel know that an item sells at high velocity and pay
special attention to it, dedicating more time and effort to replenishing thedasng

item compared to the slemoving item. Instore replenishmentkasre sufficiently

carried out, and the store knows which item will have a higher velocity than another
similar item from either store marketing efforts (promotions, discounts, etc.) or prior
sales. The demand reshdpgnan & Fouque, 2003hat resultsfom store efforts is

beyond the scope of this study, leaving prior period sales as an explanation for improved

instore replenishment for fastaroving items.

Theoretically, there are two ways in which prior period sales can be linked to
SHO. The first ighe argument of improved instore replenishment behavior for fast
selling items. High velocity one inventory period could signal personnel to focus on the
itembébs shelf availability the subsequent p
linked toSHO in a subsequent period is without store personnel even being aware of
prior period sales. The combination of an
size, and units sold (Eroglu et al., 2011) may lead to inventory overflow and the
backroom effet (Waller et al., 2008). The backroom effect is an increased occurrence of
IRO because personnel are not aware or able to move the backroom inventory of an item

onto customenccessible shelves.

This poor instore replenishment behavior may be more likebpne period if the

store ordes (in multiples of case packskggand t he prior periodbs it
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more likely that a greater number of units will be put in the backroom for an item with
low prior weekly sales as compared to high pridesaGiven the same shelf capacity for
two items, the item with lower sales will have more units of stock left over from one
inventory period to the next. Using the same logic, an item with higher prior period sales
would have lower inventory overflow. Thin turn would mean fewer units in the

backroom than for lower prior period sales items. Even if store personnel were focused
on product availability and instore replenishment there may be more stock in the
backroom for lower sales the prior period thaghler sales. In such a case faslliing

itemsmaynot have improved instore replenishment, leading to the hypothesis:

Hypothesis (H4.1): An itembs sales @mne per

the subsequent inventory period.

4.3.2Supply driverto SHO

Customer supply of an item delivered to a stergoverned by when and how
store personnel stack the item onto custemnerc e s si bl e shel ves in th
Sellingfloor shelveshave assigned product categareasand dedicated spafer each
item. The capacityoni t emdés dedi cat ed s paaeordingtomost o
Gruen and Corsten, 2008) deAsinglmormatgle by t he
case packs of an item may be ordered bythestoebd on t he i temds she
dependingg n t h erepienishmeat&teategy anesourceemphasigCh. 3, Figure 3

2). A resource emphasis on shelf space (instead of labor) riesaatore uses both
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shared (backroom) and dedicated shelf spacarfatem On the other hand, a resource
emphasis on labor means the store avoids instore replenishment and increases shelf

capacity to match order size.

Not being able to observe store personnel replenishment behavior, researchers
have used the item atitites of case pack size and shelf capacity as measures of whether
ordered items delivered to the store completely fit in dedicated shelf space or require
instore replenishmefCh. 3) Wal | er et al . (2008) show that
decreases irelation to case pack sibecause of inefficient instore replenishment (the
backroom effect)If the retailer receives a large number of units of a product that does
not all fit in its shelf capacity, then the backroom effect negates any gains frore-a stor
level fill rate effect, which is increased product availability from instore replenishment.
Worsening product availabilitg found with decreased shelf capacity and increased case
pack sizgEroglu et al.2011). Decreasg shelf capacity whether or hthere is instore
replenishment means thfatver units of an item are available to the same volume of
customers, increasing the likelihood of SHO occurrence. If there is instore replenishment,
then decreasing the shelf capacity suggesti$iple points duing the inventory cycle for
SHO eventainless personnel proactively replenish shelRegjardless of personnel
behavior, herelationship between SHO events (frequency) and capacity can be

hypothesized as:

Hypothesis (H4.2a)tém shelf capacity is negatively linkedtdh at stotkeumod s

frequency
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While increasing shelf capacity may lead to fewer SHO events, its impact on SHO
duration is uncleaiEven if thededicated capacity for an item were increased toupke
an entire poduct category space, if personnel do not havéeheon-hand they cannot
placeit in that dedicated spac&ny benefit from ncreasing dedicated space to avoid the
possibility of SHO occurrence from inefficient replenishmemisstrainedo order sze
and onhand inventorylncreased case pack size, on the other hand, means that even if
the order size is of a single case pack quatiigye will be more unitef the itemin the
store. Given a constant shelf capacity, increased case pack size me@mased
opportunity to replenish the store shelthin the inventory period without waiting for
the next store deliveryln cases where the manufacturer increases case pack size and the
retailer does not increase shelf capachg store is more likelio be replenishing

dedicated shelf space with instore stock. Efficient instore replenisheaghto:

Hypothesis (H4.2b)temcase packsizes negati vely | inked to th

duration.

Considering the interaction effects of changes & qmck size and shelf capacity
bringsinventory review types andstore replenishment into question. The question is
whether instore replenishment purposefully and efficiently takes pldmtween store
replenishmentsEroglu et al. find the interacticeffectdecreaseSHO frequencyecause
the decreasing capacity has a larger impact for smaller case pack sizasgracase
packsizesThey reason: fas case pack quantity de

become more frequent, which decreases shélfo c k out s 0 Th&etddghaap. 428
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reorderpoint (ROP)inventory system, where the store places an order whenever the
inventory positiorhas decreased &ocertain level instead of at set order intervailsey

also assume instore replenishment is not planned so that the entirety of deliveries to the
storeare placed onto dedicated shelf space. Any inventory overflow results in
mismanaged shared space inventory which is not efficiently used to restoclsshelve
Avoiding inventoryoverflow with more frequent smaller shipments and larger shelf

capacity thus is linked to fewer SHO.

Hypothesis (H4.2c): Case pack size strengthens (negatively moderates) the negative

relationship between capacity and stockout fregyen

Similar logic may be applied for case pack size and shelf capacity interactions for
stores with priodic inventory reviewWith set inventory order points in time, order
frequencywould remain constamtespitedecreasing case pack si&nce order gie may
vary from week to week, any decrease in case pack size roeald more case packs per
order tharat prior (largen case packize An increase in shelf capacity may not be
needed to be able place the entire store delivery onto the&hglincreag in case pack
sizecould mean an increase in total units delivered for multiple case pack orders of an
item, depending on the static capacity lewetreasing case pack size is hypothesized to
be linked to decreased SHiDration(H4.2b)sincealarger cae pack sizeneans more
units of the item in a singlease pack store ordét#aving more units at the store with
increased case pack size and being able to stack them on customer shelves would also
minimize inventory overflow as capacity increasess leads to:
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Hypothesis (H4.2d)Capacitynegatively moderagghe relationship betweerase pack

sizeand stockout duration.

4.3.3 Relationship between SHO attributes

This study not only contributes to product availability literature by empirically
testing supply and demand drivers to SHO, but also tests the relationship between two
different SHO attributes: item SHO duration and frequency. There has been a call (Gruen
and Corsten, 2008) for using multiple SHO attributes at once as a best practice in the
retail industry. Use of multiple SHO attr.i
i mpact o and root causes of SHO eveé&ents with
2008, p. 13), but the relationship between the SHO attributes themselves have scarcely
been discussed in practice or in the literature. This is surprising because every time an
item stocks outluring a store week thecreasing SHO frequency requitibsittotal SHO
duration also increaseHowever the total weekly SHO duration can increase without
increased SHO frequenclhe SHO attributes are clearly not interchangeable with one

another.

Consider a SHO event, illustrated as shaded areas in Fi@umcéurring within
a period of time of interest, such as the working (open) hours of a store day or week. The
left-most boxes in Figure-2 show an item having a SHO with a short (top box) or a long
(bottom box) duration within that time period. The ngat of boxes show an increase in

SHO frequency with the same SHO event duration as in thmteft boxes. There are
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Increasing SHO frequency

v

Figure4-2 The relationship between SHO duration and freque
now three SHOs of shibor long duration. Increasing SHO frequency even further in a

limited period of time results in shorter durations per SHO event. Indeed, if time is a
constrained quantity like shelf space, then increasing total SHO frequency requires
decreasing total SH@uration, just like increasing product variety on store shelves,
requires decreasing shelf capacity for each item. This suggests a nonlinear relationship

between the two.

Additionally, the samestore practice malye linkedto SHOfrequency and
durationattributes moving in opposite directions. For example, instore logistics
postponement (Chapter 3), or the purposeful use of both the shared backroom space and
dedicated shelf space, enables replenishing store shelves without having to wait for a new
shipmentfrom the supplier. Instore replenishment would thus reduce SHO duration. On
the other hand, instore replenishment may increase SHO frequency, especially if shelf
capacity is only partially replenished from the backroom stibekstore practice such as

instore logistics postponement may lead to an increase in one SHO attribute and a
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decrease in another, then the link between each SHO attribute and store performance
measures may also be in opposing directiSisce studies normally do not include more
than one SHO attribute at once, it is possible that when there is a positive link between
SHO frequency and sales, there may be a negative link between sales and SHO duration
that has not been uncovered. Thig/isy establishing the relationship between attributes

is important, leading to:

Hypothesis (H4.3)There is an inverted idhaped relationship betweann i t e més wee
stockout frequency and duration, such twaekly totaduration increases at low

stockout frequency level and declines past a certain point

4.3.4 SHO effects on sales

Using more than one SHO attribute in a single study not only allows for studying
how they are linked with one another but also tessimgdirect and interactive effects on
item sales as illustrated in Figureé84Research on the effects of stockouts on item sales
have generally found increased stockout occurrence linked to lowefdakessaoui,

Williams, Hofer, Aloysius, & Waller, 2016)
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Increased SHO ¢ May be a symptom

(1) mismanaged inventory in shared space,
IRO duration (2) insufficient labor to replenish shelves,

(3) not realizing SHO has occurred

STO duration (1) late deliveries to the starer

(2) earlier SHO thaexpected (spike in demand)

(1) earlier SHO than expected (spike in demaama)
IRO frequency

(2) insufficient dedicated space capacity

(1) increased store deliveries and
STO frequency

(2) insufficient order size

Table4-2 Different possible causes among SHO types and attributbs study

In theory, SHO duration and frequency may be longer or occur more frequently
for different reasons depending on whether the SHO is a STO qrERIBted irrable
4-2. For IRO events, there are still units of the item in the store, somewhere other than in
its dedicated shelf space. IRO duration coul@d sgmptom ofiny one or a combination
of: not knowing where additional units of the item are located wittérstore (to be able
to use them for replenishing dedicated space), not having enough (or quick enough) labor
to replenish the shelves, and not being aware that the shelves need replenishing. STO
duration, on the other hand, could be driven from inctbessd time and higher than

expected sales during lead time (stocking out earlier than expected so that SHO duration
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is longer even if items are delivered to the store when expected). IRO frequency could be
driven by higher than expected sales betweepriasteplenishments but also due to a

shelf capacity that is too small, requiring more frequent instore replenishments. For STO
frequency to increase the frequency of shipments to the store must increase and the
guantity of each shipment must be below irteepnperiod demanddverall, IRO

duration and STO frequency appear to depend on supply issues, STO duration on supply

or demand drivers, and IRO frequency on both supply and demand

Adding to the complexity of different drivers for different SHO types and
attributes is that the inventory management and deployment of items within and across
product categories are not identically implemented. Within a product category, there
could be one or more iIitems thathehre manage
avalability of those items may be checked more or less often than other items. Stores
may have their own brand items to which more space is allocated than to vendors who
must pay for the storedéds dedicated shelf ¢
velocity than other items despite having the same shelf capacity. Store managers may
direct personnel to pay special attention to specific brands or promoted items more so
than the rest of the product category. Lead time could vary by item, depending on the
supplier, unless the store receives frequent shipments from a retail distribution center.
Although thevolumeof space on the shelf for two items may be the same, a larger item
may have a smaller shelf capacity, or number of units that fit into the detigtaeIf
space. The larger items may be replenished (either by store delivery or instore
replenishment) more often because there are fewer units of it compared to a smaller item
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with the same dedicated shatka All of these differences between the masragnt of
items may amount to a changeai®sHO attributdéor one item and not the other, so that

the overall effect on an average item may not be clear.

For SHO duration the link to sales may appear clear on the surface. If an item is
not available onhte shelf then customers cannot buy it. The longer the period of time that
the item is unavailable, the greatiee number ofthe customers will face a SHO.

However, given that STO duration could be driven from greater than expected sales, sales
may be higler for items with a longer STO duration. Presumably the store holds safety
stock, and in cases of STO (instead of IRO) the safety stock has been purchased along
with the cycle stock. In that case a longer SHO duration would point to more unit sales
than wih no SHO duration at all. On the other hand, IRO duration for a promotional item
may be shorter due to a focus on replenishing that item more so than regular items or may
be longer if there is insufficient labor resources for replenishment. If a stoperitity
increases the shelf capacity of a promotional item (perhaps by also having items at the
end of aisles or in temporary endcaps or sidekick displays) in anticipation of increased
sales, then it may be less likely to SHO so that the SHO duratiborieisthan for items

with lower sales volume. This leads to the hypothesis:

Hypothesis (H4.4a)There isa curvilinearrelationship betweea n i t emés weekl y
stockout duration and its salesuch thasales increasat low stockoutlurationlevek

andthenincreaseat a decreasingate past a certain point
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In contrastSHO frequencynaydiffer depenthg on whether the SHO is an IRO
or a STOand may moderattheduration and sales relationshipirst of all, a increase
of SHO frequency from zero to oneaessitates a nonzero SHO durasothat
customers may arrive durirrgSHO eventand leave without item purchas®uch lost
sales would mean a negative relationship between SHO frequency and sales because of
theincreasedrionzerd SHO durationregardlss of whether it is IRO or ST@hort, rare
SHOoccurrenceshroughout the inventory period signal instore replenishment,
suggesting higher sales with increased SHO frequency. Indeed, increasing SHO
frequency in a periodic review system points to I&@nts, as store delives do not
increase during the order cycla.an ordefup to system (ROP3}tore deliveries may
occur more frequently so that increased SHO frequency may be of STnhtyeased
STO frequency with long duration would be expedtetiave the greatest loss in sass

both SHO attributes are high

But what of shortfrequent SHOs and longeldom occurring SHOs? Given the
hypothesized negative relationship between SHO duration and sales, increasing SHO
frequency could decrease sabg a higher rate than at lower SHO frequendéies
example, consider a weekly SHO duration of 10 hours. In one scenario this SHO duration
may occur over two separate events or 5 separate ggeatsy combination of lengths
totaling 10 hoursIn the 5event caseeach individual SHO event is preceded and
followed by product availability so that the-h@ur weekly duration has fewer
consecutive SHO hours than the less freq&&® caseIn this more frequent scenario,
with SHO hours more dispersed thrbogt the store week is more likely for a
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customer facing a SHO earlier in the week to return to the store later in the week and face
yet another SHO. Even without returniogstomers, since the customer traffic of a store

is not constantly distribute@ome hours, like after work, are busier than other store

hours) having fewer longer periods of SHO may coincide with both higgh lowtraffic

hours whereas many shorter SHO periods would more likely coincide withttaéfic

hours.The increase in SH®equency could thus

Hypothesis (H4 H): Increased stockout frequency negatively moderatesKenkthe

positiverelationship between stockout duration and sales

case pack Ha2b () SHO H4.4a (+)then (+) current
size duration week
sales
H4.2¢\ (-) t H4.4b i
H4.3 )
(+) then (-)
Ha2d/ ()
shelf SHO H4l (+) prior
capacity Ha2a () frequency | week
. sales

Figure4-3 Hypothesized model of SH&xttributes, antecedents and effe

A summary of all hypotheses in this chapter is illustrated in Figdre 4
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4.4 Method

4.4.1Sample and Procedure

Data for the stockout events are from aday (November 8, 2015 through
January 2, 2016) pildtudy at 4 stores of a new shelf liner technology tested on 148
unique items in two product categories (yogurt and isotonics). During this time period
yogurt has 86 unique items being tracked which accounts for 20% of that entire product
cat egor yedtandaboww 87f6tofriis item movement. 70% of the isotonics
assortment is tracked with 62 unique items constituting about 94% of its item movement
during the time period of the data sample. While the data spans a period of 56 days, all
four stores are cted on Christmas day so there are only 55 daily observations for each
storebéds items. Although this studyds dat a
technol ogybés pilot study, the number of it
Chapter 3. In Chapte3, the data sample spans 11 months of time instead of 56 days.
During the 56 days 148 items are tracked in all four stores. All four stores do not track all
of these items beyond the-8@y pilot periogd which explainsvhy this chapter has more
items foryogurt and isotonics than the prior chapter (54 and 48 items, respectively).
While the number of items involved differ, data is from the same four stores as in

Chapter 3.

The data is gathered from four different sources, as outlined in T&ble 4

Planograns obtained from regional retail managers provide the layout of each item
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within each product category at each store. Each store offers the same items but may

carry them at different amounts and place them at different shelf heights within the

Descriptian Information gathered

-Store hours, including changes to
store hours, holiday and weekend
Manual Store visits, phone calls, | hours

gathering emails -Product placement on the shelves

facings, stacking and depth of
shelves

Yogurt andisotonic drinks -Product shelf height (base case =

Planograms | shelving plans for each | Pottom shelf)
store -Case pack size

-Facings and stacking

Item movement totals for
every day for SKUs that | -Daily total units sold of each

Point of sale : _

are being tracked in the | tracked SKU

shelf liner, in every store

Stockout (0 units on shelf) and
Shelf stockout and replenishment (nezero units on
: replenishment pings of | shelf) date and time for every

Shelf liner ; .

SKUs with shelf liner occurrence

technology

Dates: November 8, 2015January
2,2016

Table4-3 Data gathering methods

product category. Manughthering includes store visits, calls anchails to gather

information on store operating hours and product placement on the shelves. The store
operating hours are needed for two purposes: (1) reduce recorded SHO durations to when
the store is open, i customers have no access to the item when the store is closed,

even if the item is in stock; (2) calculate the selling time for each store per week as this

312



value is used as the denominator in the SHO duration measure. Product placement on the
shelves rers to not only checking how well planograms are implemented but also to get
information on how many units deep into the shelf each item can be plametrto

generate total dedicated shelf space for each item. If the planogram indicates an item
stacled 2 units high but the manual audit shows 3 units stacked on top of each other, then
the manually gathered data is used. TheFeeno differences between planograms and
onshelf observations of the number of facings of a product or its shelf heightdtem

are provided from store managers and show the daily sales for each tracked item, whether
or not it has stocked out at all during the time period of the study. Last of all, the stockout
attributes are generated from stockout events of tracked iteink hhave observations of
paired time stamps recording when the dedicated shelf space for the item becomes
completely empty and when the store personnel have replenished that shelf space. The
company developing this proprietary shelf liner technology plex/these paired

stockout and replenishment observations.

The following procesbrings these data sources together to form the study
sample. First, the item sales file serves as the base of the data since it includes all of the
items being tracked. It h&8,376 daily observations as a balanced panel, with 8,065
observations (24%) having zero item sales. This file is merged with a cleaned shelf liner
data of stockout event observations. The stockout event observations, prior to merging,
have been codedt®elhc o me dai ly observations of stocko
open hour s. Each storebés open hour s, or se
original stockout event file to count the stockout duration during store open hours
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lowered stockoudluration by 30% on average. One item is dropped at this time because it
was not tracked on the shelf and was incorrectly included in the sales file. Of the
remaining 33,152 daily observations, 2,754 observations or 8%rofstiockouts. These

are not indivdual stockout events, as an event can last up to 7 days, but of the 33,152
storeitem days, 8% of those items have some period of stockout, which coincides with a
metaanalysis on average stockout rates in terms of SHO br@adiken, Corsten, &

Bharadwaj, 2002, p. 13)

SHO duration | SHO frequency Case pack sizq Shelf capacity
(percentage) (count) (units) (units)
Mean 2.68 0.62 11.00 26.42
Std. Dev. 7.24 1.24 3.78 14.08
Min. 0 0 3 4
Max. 80.94 9 15 72
Observations 4,736
SHO duration 1.00
SHO frequency 0.7479 1.00
Case pack sizeg -0.1336 -0.11 1.00
Shelf capacity -0.0692 -0.03 0.51 1.00

Table4-4 Descriptive statistics and variaklderrelations for sales equation

Once the two files are merged, the data is collapsed from daily to weekly
observations. The main reason for collapsing data into weekly observations is because of
the stockout frequency variable. On a daily basis, it shiaws have a mean frequency
of 0.089 stockouts (SD 0.305) with a minimum of 0 stockouts occurring 90% of the time,
and a maximum of 3 stockouts per day. In contrast, the weekly descriptive stats and
correlations are posted irable 44. Collapsing the datover weeks brings down total

observations to 4,736, with 1,369 weekly observations (28.91%) having some duration of
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stockout occurrence. This process also illustrates why Gruen and GaGa&h
emphasize thattail stockout studies must clearly address what attribute of stockout

events are being measured and over what unit of time.

The two SHO measures generated for this study are the item SHO event rate and
the item SHO duration rate per store week. The 8kt rate is a measure of the
frequency attribute of a SHO event and is simplysiina of daily SHO occurrence by
item andweek for each storef a SHO event starts one week and continues into the next
week, it is counted for both weekishe durationate is the proportion of weekly store
selling time where the item is stocked out. For the stockout event observation spanning
two store weeks, the actual portion of selling time that the item is SHO in each week
would be included onlytlon tthhats wvee eukdbysd sd usraartpil ce
Table 44, items are never stocked out for the entire store week and most of the
observations have 3 or fewer stockodgpendices IVVIII provide further descriptive

statisticsfor the entire shelf liner data k@ both Chapters 3 and 4.

4.4.2Model Specification

Since both the antecedents and effects of stockout are included in this amadel,
since the variables are all either censored or count variables and due to their endogenous

and multicollinear nature, treguations in this model are run simultaneously as
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generalized structural equations (GSEM). GSEM allows for identifying dependent

variables that are endogenous and have varying distributions. It is possible to identify

sales and frequency with the negatvé nomi al family (where the
di stribution) and |l og link (where Alinko i
independent variables) while having the stockout event rate with a Gaussian censored
distribution (a Tobit). Additionally, GSEM progtes parameter estimates for case pack

size and shelf capacity even though these variables do not change over time and are
included to represent any instore replenishment or inventory overflow effects o8er the
weeks of the datgsee Appendix Xfor paneldata testing)GSEM allows for studying a
complicated system of paths between variables in a multilevel simultaneous manner

where the residuals from each level (each equation) are independent and normality of the

dependent variables need not be assumed.

The first step in the GSEM analysis for this study involee&ing atSHO
frequency duration,and weekly sales variablegdividually. The frequency is predicted
using anegative binomial regressigeee Appendix X 1) with a lagged weekly sales,
case pack size, the interaction of pack sizestadfcapacity The sets of dummy
variables control for differences between stores, between vendors, and during what
proportion of the store week the personnel were alerted @ SHO alerts require that
the shelf |liner iIis active and sends pings
not activated on the same day for each store and the data has either: 0 days (62.50% of
the observations), 1 day (3.13%), 5 days (3.13#0y, days (31.25%) active liners. There
are 3 binary dummy variables for these alerts with 0 as the baseltarsetihae shelf liner
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does not alert personnel at @ldays active) The frequency equatiois exposed over

open store week hours and has dtetl standard errors ovesich SKU. Clustering over
each item requires independent observations from item to item, while relaxing the
independence requirement within item data sub&dtstered standard errors
accommodate for heteroscedasticity and autetation.The exposure option is

necessary for the negative binomial because the dependent variable of SHO frequency is
otherwise assumed to count the number of SHO events during the same period of store
hours over every observation. Store hours varyttnesand by week within store soe
exposure option essentially weights the SHO frequency counts based on the period of
total time SHO events could have occurfiddt accounting for different store week hours
would bias results since some items have higihe some would have lower ron

normalized counts.

Since there is a squared termSHO frequency in sales and SHO duration
eqguations, the predicted SHO frequency is squared to generate the squared frequency
term. This process is repeated for the Yogud laotonics subset¥he lagged weekly
sales variable is regressed with negative binomial, with the same exposure and clustered
errors.The observations are not lagged, but the predicted weekly sales variable is lagged
in the main model. To obtain the pretéd weekly sales, the rightand variables are all
fitted from the prior frequency and duration equations: the interaction between SHO
duration and frequency, and the linear and quadratic terms for SHO duration. There are
also 6 control variables: regulgrice of item, percent discount, shelf height, store, week
and vendor dummies. Tisalesequationis also predicted overall and as category subsets.
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The second step in the GSEM analysis for this study involves creating the paths of
equationgTable 45) that are considered simultaneouisithe model Each path or level
of equation consists of one dependent endogenous or exogenous variable and more than
oneright-hand sidesariable and controlsThe endogenous variables of duratsm
frequency fronthe first step are predicted and fitted as Figamd side variables in this
second steplhe squared frequency term is first predicted then squared, for the overall
sample and each subs€apacity and case pack size are included into the SHO attribute
equations as supply drivers to SH@d the demand driver to SHO, lagged sales, are also
predicted values from the first step that are then lagged in the secontl\étite
multiple case packs can be included for shipments arriving to the store from a vendor, the
model considers the number of units in a single case pack for eacfiltermodel drops
case pack sizfor the yogurt category subset it does not vary byem. The interaction
term can thus be interpreted as htbw SHO attribute changes with increasing shelf

capacity and a case pack size of 12.

There are also a number of control variables, listed in Tabldat the different
levels of the GSEMPercent discount is calculated by dividing the difference between an
itembébs regular retail price (obtained from

daily revenue divided by daily units sold for the item) by the regular retail price. ltems

cn be purchased at a discounted price i n ml
member ship discount s, promoti #hseédpugt ¢0)
and manufacturerdés coupons. Becauseheof 't hi

daily observations show different percentages within a store weekeadormally
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there should ba single promotional discount from the beginning of the store week on
Thursday until the end of the week on Wednesday. The lowest discount percentage

(coo responding to the highest unit price bel
item during each week is then recorded as
discountsvary by item store weeks amagle included as a control in the sales level

(equation) sincehey ardinked to increased demand for an item (Borin, Farris and

Freeland, 1994).

Path to Type of Independent | Controls Model,
variable variables comments
Weekly sales| Exogenous, | SHO duratio, | Regular item | Negative
unit sales, sun| Squared SHO| price, Percent | binomial

of all units for | duration, discount, Shell
an item sold | interaction height
during store | between dummies,
week frequency and| Store
duration dummies,
Week and
vendor
dummies
SHO duration| Dependent SHO Proportion of | Gaussian, left

endogenous, | frequency and| store week censored 0,
proportion of | its squared staff alerted to| right censoreq

store hours term, SHO, store 100 (Tobit)
where thaétem || t e md s | and vendor
is SHO pack size and | dummies

its interaction
with capacity
SHO Dependent Lagged fitted | Week and Negative
frequency endogenous, | item sales by | vendor binomial
count of SHO | store week, dummies
events per shelf capacity,
store week and its
interaction
with case pack
size
Table4-5 GSBEM levels of equations
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The timeinvariant controls are included in the model for different reastmes.
shelf height is a set of four binary (0/1) dummies with the bottom shelf being the base
case where all dummies are zero. Shelf haightmies are in the sales equation since
there is a link between what item the customer is more likely to buy and its vertical shelf
position (Wongkitrungrueng et al., 2018). Vendor dumnidesf them)are includedo
capture any differences by manufactweitems. Thesotonicscategory has only two
vendorsboth ofwhich participate in direct store delivery (DSEnd the remaining 3
vendors in the yogurt category do not participate in DBi2 item regular price variable
is determined by taking the last price found for an item through online search and
varies from 70 cents to $9.99. It is included as a control for customers choosing between
two similar products based on price difference. For example, atstamd strawberry
yogurt may be preferredser a weltknown yogurt brand of strawberry yogurt for price
conscious customers who prefer the loywaced store brand itenitem characteristics
are often included iretail category management studiegen though they are time
invariant(Frontoni, Marinelli, & Rosetti, 201Dubelaar et al. 200X orsten & Gruen,

2003)

Theparameter estimates in this study are also estimated with ssthgeeleast
square (3SLSbechniqueafter dependent variable transformation. The dependent
variablesof SHO frequency and durati@ne normalized intohndependent units of
measurement with mean 1 by dividing each observation by the mean store week value of
that variable. For example, each@Htequency countbservations divided by the
meanSHO frequency per store week (all items within each store are divided by the same
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mean value for each week) so that the distribution of SHO frequency changes from a
count (min=0, max=9, mean=0.62, stdvd=1.24)to a continuous distribution (min=0,
max=23.68, mean=1, std. de\2.10) The simultaneous equations still remain in the
same format, with frequency being fitted into duration and both duration and frequency

using fitted values in the main saksguation.

There are two main differences between the two simultaneous equation
techniques. Since 3SLS uses least square estimators instead of maximum likelihood
estimation, there is no longer a neeavimight the dependent variable count values over
openstore time periods. The dimensionless normalized dependent variables are equally
weighted acrosall observations. The second difference is with regard to the path
diagram from variables to one another. Instead of using lagged predicted values from a
salesequation in a previous step, the frequency equation simply has a lagged sales
variable, and the sales equation has no lagged saleoaga for temporal effects.
Similarly, there are no robust errors clustered by item in the 3SLS structtine, lasst
squares estimator is not consistent wigteroscedasticityeven with the clustered
standard errors in the GSEM structure, sihéenot a linear panel model the standard
errors may also be biased. A visual comparison of the predicted sales valnes isgms
suggests similar range of values (similar variance) across items (Appendx XAh
issue with the transformed 3SLS dependent variables would be interpreting the results

beyond sign and significance.
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4.5 Empirical results

The empirical resultef both specificationare listed in Table-6 and include the
parameter estimates, their standard errors, and the fit statistics for the entire model and
product category subsets. Evenmbered columns list the results 838LS andhe sig
and significance of the coefficients are almost all the sssyadnumbered columns
with GSEM estimatesThere are two sets of differences. The first invelie yogurt
subset where case pack size does not vary and is omitted from the modcelcditnd:
involves the isotonics subsetwherea paci t ydos | ack of significa
affects the duration and sales equations. The AIC and BIC values cannot be compared
across GSEM and 3SLS models although they have exactly the same set ofl data an

variables since 3SLS has a different set of residuals than the original model.

For the demand driver to SHO, the hypot
linked to an increase in SHO frequency finds support (p<0.001) in all 6 columns. Stores
focusng on decreasing SHO occurrence as part of their performance metrics would
benefit from directing replenishment personnel one week to the most sold items the prior
week. Even if new shipments arrive every week, it is likely that the person who places
ordes to the store is not the same one who receives orders at the badkpmom.
shipment receipt, personnel could be directed to unpack and replenish selling area shelves

in descending order of item sales volume.
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Entire Sample Yogurt Isotonics
(1) GSEM  (2)3SLS  (3)GSEM  (4)3SLS (5)GSEM  (6) 3SLS
Sales equation (H4.4)
Duration  0-090%** 0149w 01350 0137  0.063* 0020
0.007) (0008 (0.022) (0006)  (0.006)  (0.002)
_ 0.001*  0.003**  0.003*  0.008** 00002  0.0008***
Duratio o omay  (0.0002  (0.001) (0.00)  (0.0001)  (0.0001)
Duration * -0.024%*  -0054*  -0.041* -0.038*  -0.012%*  -0.007***
Frequency (0.004) (0.005) (0.016) (0.005) (0.0®) (0.0008)
Duration equationH42b,H4.3)
14205  1846* 16181  1.019%*  31.020* 1.271%*
FreqUency 1'so9 (0589 (2454 (0189  (5.820  (0.269
-1.644* 0219 24347+ 0,079 -7.113*  0.091*
Frequency 304 (0315 (0.486) (0.045 (221§ (0045

Case pack and the interaction between case pack sizapacity provided in Appendix IV

Frequency equation (H4.1, H4.2a, H4.2c)

Capacity 0200 0097 00004 0.0  0.134 0.103**
(0.045  (0.025) (0.007)  (0.004)  (0.080)  (0.036)

Prior week 0.020%* 0013  0.013**  0.013**  0.037**  0.024**
sales  (0.004)  (0.00R) (0.0B) (0.0®)  (0.007)  (0.0()
0.013  0.061** -0.027 0028

Cagig_a‘zk (0.028)  (0.021) (0.027)  (0.019)

3 -0.216%*  -0.137%** -0.199%*  -0.138"**
(0.041)  (0.081) (0.044)  (0.029)

12 20202 -0.127%* -0.175%  -0.135*
(0.043)  (0.024) (0.055)  (0.026)

*Catzcity -0.173%*  -0.100v*** -0.147%  -0.112%
(0.034)  (0.020) (0.053)  (0.026)
Observations 4144 4144 2,408 2,408 1,736 1,736

AIC 50,61996 48,9136 3055506 28,400.84 1933462 19,017.96

BIC 51,02404 49,3011 3081546 28,649.67 1963488 19,3277

Standard errors in parenthe$gs<0.05, ** p<0.01, *** p<0.001

Table4-6 Empirical results
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For the supply driver to SHO, there &oer different hypotheses throughout the
different levels ofthemodeE hel f capacityds negative | ink
significant (p<0.001put not supported. It is only significant and negative as
hypothesized in column 4. The negatre&ationship between case pack size ShiD
duration (H4.2bWwas included in the modeis terms of case pack dummies, with the
base case as 3 units. The paeter coefficients are all not significant (p>0.05) except in
3 places. Column 6, the isotonics subset under 3SLS, is positive and significant (p<0.05)
at case pack size 15 units. Column 2, the yogurt subset under GSEM is significant and
negativeeffect(p<0.05) at case pack sizes 8 and 12. These conflicting resajtbe due
to insufficient variation in case pack sizeaving estimates extremely sensitive to model
specification. Finally, there are two interactimiated hypotheses (H4.2c and H4.2d)
where the negative moderating effect on SHO frequency is supported (p<0.01) for all
case pack sizes except for 4 unirack size 4 is significant (p<0.01) but positive in
column 2also conflicting with other case pack coefficiefitse negative moderation of
shelf capacity on the case pack size SHO duration relationship is supported at different
rates of significance in different columns. Looking only at the product category subsets
(as the overall models are weighted averages of the subsets) yogurt fiiglsfrezast
moderating effect in the GSEM structure and a negative (p<0.05) at case pack size 12
units. Both of the 3SLS coefficients for the moderating effect are significant and negative
(GSEM p<0.001, 3SLS p<0.05pince the case pack size variable dogstake on many

values, it is included in the model as a factor variable.
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The different case pack sizes vary in coefficient estimates such that some support
thestudy hypotheses while other sizes are not signifiddns suggests that there may be
a rdevant range of values in which changes in case pack size can explain changes in SHO
attributesWhile the coefficients in the duration equation generally find support with
negative and significant signs, the positive and significant sign in the isopwoadisct
category for frequencsre opposite of the hypothesis. Increasing case pack size from 3 to
15 units is linked to increased SHO frequency. This category has DSD and items in case
packs of 15 are all 38unce single bottlesith up to three times mersales per week
than the other isotonics items. In contrast items with case packs of 3 unitpaaies®f
20-ounce bottles where 99% of weekly sales is less than the mean weekly sales of the 32
ounce items. Thisuggests the finding (Eroglu et al. 20bi)p 3way interaction
between case pack size, capacity and sales on SHO frequency may need to be

incorporated into future functional forms.

The relationship between SHO attribuéso has mixed findingd.ooking at the
duration equatiorthe direct Inear effecof frequency irall 6 columns is positive and
significant, supporting the first part of H4 Bor the quadratic termi4.3 is supported
only in GSEM(p<0.001), whereas it is insignificaimtthe overall and yogurt categories
of 3SLS and signitiant with a positive sign (p<0.05) instead of negative for the isotonics
category Total weekly SHO duration increases on average with increased SHO
frequency. Howevethe 3SLS model does not find support for a decreasing relationship

past a certain amounf SHO frequency
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SHO attributes effects on sales hawe tifferent hypothesesn the sales level of
equationsThe curvilinear relationship between SHO duration and sales is supported
(H4.4a, p<0.01) inall columns for the linear term and at lethst 95% confidence level
for the quadratic ternAll coefficients are positive and significant except for the isotonics
category in column SHere there is only a positive linear effect of duration on sal@s.
result leans towards the logic tisatles are lower when there is little to no SHO duration
because the items are-band at greater levels than needed for the inventory p&te@
duration is longer when sales are so high évan the safety stock is sold earlier than
expectedLast of al, frequency does indeed moderate (p<0.001 for overall model) the
SHO duration and sales relationsHipi since that relationship is not negative as
hypot hesized but positive, the negative im

relationship butnsteal weakers it.

In other words, sales are higher as SHO duration is longer, but as that SHO
duration is split into a greater number of SHO events, sales suffer. The possible
explanation for the positive link between SHO duration and salbat the itenias a
STO with all safety stock sold much earlier than expected for the inventory period. If that
same duration is split among multiple SHO events, then the source of the SHO is an IRO
instead of an ST@since this is as periodic review systeimnstead ofll of the cycle and
safety stock selling out and having a long STO duration (linked to higher sales), the cycle
stock on the dedicated space has SHO with stock remaining somewhere in shared space
(an IRO type of SHO). Future research could build onrti@ications of this study by
identifying SHO events as either IRO or STO and testing their multiple attributes at once.
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Finally, the results in Table-@ warrant discussion of model specificati@ince
there are squared frequency terms in the modaletimay be a question as to whether the
model needs to be respecified with centered variable values. Appelhdikovs that
models with centered variables have larger AIC and BIC values than the same models
without centering. That is why nerentered vaables are presented in Tabk®.4All of
the hypotheses and results of this study are illustrated by subset in4gbyeproduct
categorySince the case pack size in the yogurt category does not vary, the coefficient

estimates for H4.2b and H4.2c amitted.
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(exposed over the weekly selling time,

Yogurt (2,408 ObS.) GSEM clustered errors by item)
0.135%**
0.003**
case pack H4.2b () SHO Ha.4a (+) then (+) current
size duration week
sales
Hd2c (- t H4.4b x
H43 )
(+) then () -0.041*
16.181***
-2.434***
12: -0.038
Ha.2d/ (-
shelf SHO Hal (+) p”OE
capacity H4.2a () frequency W‘Te
0.0004 0.133%** sales

Duration controls:

Frequency controls:

Sales controls:

Prior week sales

Alerted to SHO Week Item unit price Store
Store Vendor Weekly % discount Week
Vendor Shelf height of item Vendor
(exposed over the weekly selling time,
Isotonics (1,736 ObS.) GSEM clustered errors by item)
4: 8.417
8: -11.555 0.063***
12: -24.012
15: -15.868 00002
case pack H42b () SHO H4.4da (+)then (+) curreEt
. . wee
size duration
sales
0027 pyac\ () 3 H 4.4b i
8: -0.199 H43 (-)
12: -0.175%*
15: -0.147** (+) then () S0.012%*%*
31.029%**
-7.113**
3: -1.627
4: -2.428%**
12: 0.502
15: 0.186 H4.2d / (-
1T rior
shelf SHO Ha1 () p
. week
capacity H42a () frequency |
sales
0.134* 0.037***

Duration controls:
Alerted to SHO
Store

Vendor

Frequency controls:
Week
Vendor

Sales controls:
Item unit price
Weekly % discount
Shelf height of item

Figure4-4 Hypotheses and results by product category

Prior week sales
Store

Week

Vendor
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4.5.1When are weekly item sales the highest?

When are item weekly salastheir highest? Intuitively sales are highest when an
item is always @ailable on dedicated shelf spamecause all demand can be met.
However, if there ara million units of an item on store shelves and only a dozen people
wanting to buy it, the fact that it is always available does not necessarily mean it has
highersales than another item with 12 units of availability and a dozen customers.
Similarly, without knowing inventory review policy, replenishment strategy, resource
emphasis, and whether there is instore logistics postponement, it is difficult to ascertain
whether frequent short SHO events are linked to higher sales than infrequent long SHO

events.

Comparing norSHO weekly sales with 2x2 higbw groups of frequency and
duration can answer the question of which combination of SHO attribute levels are linked
to highest sales. First, higbw cutoff values for duration and frequency are generated
by taking the mean overall SHO rate and mean overall SHO duration-@genoisHO
weeks.Cut-offs are also generated for each product category. Each observation is
assgned an overall group and a product category grouping per week: no SHO events, low
frequency short duration, low frequeniong duration, high frequencshortduration and
high frequencyongduration groups. The predicted sales (both overall and product
category modebased predictions) observations are separated by group and are then

compared by Bonferrorgorrected pairwise comparison of means. The results of the
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comparisons are qualitatively presented in FiguBeand quantitatively provided in
Appendix XV.

High-Low frequency and duration’s effects on sales?

All data Low frequency High frequency No stockout
Short duration middle highest
(A) lowest
Long duration (A) lowest 2" highest
Yogurt Low frequency High frequency No stockout
Short duration (B) 2" lowest (C) highest
(A) lowest
Long duration (AB) lowest (C) highest
Isotonics Low frequency High frequency No stockout
Short duration n.s. n.s.
n.s.
Long duration n.s. n.s.

Bonferroni groups of average number of units sold G S E IVI

High-Low frequency and duration’s effects on sales?

All data Low frequency High frequency No stockout

Short duration (B) middle highest
(AB) lowest, middle
Long duration (A) lowest (B) middle
Yogurt Low frequency High frequency No stockout
Short duration (A) lowest highest
(A) lowest

Long duration (A) lowest middle

Isotonics Low frequency High frequency No stockout
Short duration n.s. n.s.

n.s

Long duration n.s. n.s.

Bonferroni groups of average number of units sold 3 S LS

Figure4-5 When weekly item sales are the highest
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The postestimation testing yields a number of interesting findings about average
weekly sales. First, there is no significant difference in sal@S@fmanagedsotonics
items in either the GSEMr 3SLSgenerated sales predictions. Secondly, the lowest
sales group in yoguis in the no SHO situation. Based on the GSEM mddgh-
frequency SHO weeks (more than 2 SHO events) are associated with the highest average
weekly sales of yogurt, regardless of the length of SHO duration. The 3SLS results for
yogutt show highfrequency shoftluration SHO weeks have higher sales than-high
frequency lonegduration SHO weeksn contrast, there is no significant difference among
3SLS lowfrequency groups whereas in p@&BEM tests lowrequency lonegduration

weeks havéower sales than higBHOlong-duration weeks.

4.6 Discussion

This study provides iterfevel analysis of both the antecedents and effects of two
different SHO attributes, frequency and duration. Duration and frequency attributes are
obtained from records a@ictual SHO events instead of simulation, estimation from sales
data, or as an experimental condition created by the researcher. Actual SHO event data
enables studying the drivers and effects of SHO together, whereas they normally
constitute two separatersams of research (Aastrup and Kotzab, 2010). It also allows for
linking the anteceder8HO relationship with sales outcomes to capture an overall picture

of product availability.

Some of the findings of this study support or are in contrast to PHQ

researchThe analysis of archival data in this stubyilds onthe findings of thewo main
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papers (Wu et al., 2013; Eroglu et al., 20diigd in the literature review anehich use
simulation to study item SH@irst, regarding the antecedents to SH&yfiency,

increasing the dedicated space for an item (its shelf capacity) is linked to decreasing SHO
frequency (Eroglu et al., 2011). While Eroglu et al. (2011) find case pack size strengthens
this negative relationship, this study shows a path fromgadesize t&&HO duration

instead. Secondly, regarding the effect of SHO duration, unlike Wu et al. (2013) who find
worsening store performance with increased SHO duration, this study finds improved
performance linked to higher SHO duration. The diffefertings may bealue to

different measures of performance and of scope of research. Wu et al. (2013) focus on the
phenomenon of stockotiased customer switching and measure performance in terms of
product and store market shares. This study completelJookerthis substitution

phenomenon and the measure of units sold is not capable of gauging performance relative
to other items or products. It is possible that stocking substitutable items pools the risk of
SHO so that a greater proportion of incoming cosdrs buy one item or the other

resulting inboth items hawng greater sales as well as an earlier SHO dur@Gbapter

2).

Other study findings contribute to product availability literature and have
implications for future research. First of all, sales of an iteone period are directly and
positively | inked tiothetshbsequerit iing perics."M\bilef r e qu e
scholars have | ooked at autor €¢Cpldeeoe si ve mod
Cortes & MoralesArroyo, 2015)it has not been on the unit level of analysis or in more
than one product category. Secondly, the SHO attribdittteaquency and duration do not
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relate to item sales in the same manner. While SHO duration is positively related to sales,
frequencyo6s r el at i o sl weakenswheositive relaionehgp ofi s n o
duration with sales. Future product avhildy research at the item level of analysis

should include both measures of SHO in antecedent or effects studies. Since SHO breadth
is the mosbften used attribute (Chapter 1) of product availability literature, future

studies at this higher level of @gsis (product category or store) should consider

manually auditing store shelves multiple times (like Taylor and Fawcett, 2001) to get a
better gauge of the SHO duration of each item. If enough observations are obtained from
store visits over time, it nyabe possible to see if the breadth and duration attributes also
have a similar nonlinear relationshgpsales Being able to differentiate between IRO

and STO would also help to confirm that items with high SHO frequency and high sales

are being managewith instore logistics postponement.

The managerial implications of this research push the store to view SHO events
differently. Just as prior sales help store managers place orders for an upcoming
inventory period, they can also guide managers on h@nddtize store order receipt
and shelf replenishment tasks for the upcoming store wesst of postestimation tests
show that the highest salescur in high frequency anghortduration situations,
followed closely by a higfrequencyandlong duraton environment. The lowest sales
are associated witteroSHO occurrenceCounterintuitively, in low frequency SHO
situations)Jong SHO duration scenari@e not significantly different thdow duration

scenarioslnstead of focusing on eliminating SHOaurrence altogether, tracking SHO
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in terms of both frequency and duration would be a useful tool in deciding whether to

change order size or request st@#fnning personnel to adjust dedicated space for items.

Research limitations include aspects ofdata used in this study and the method
of analysis. With only two partial product categories in four sfohés study faces
generalization issues. Not all items within a product category or a store are managed in an
identical fashion; some items may dieectly managed by vendors, other items may have
manufactureror storebased promotions which shift focus away from regular items, and
the availability of substitutable items may not carry as much importance to store
managers wishing to hold as littleventory as possible. Differences in inventory
management by item attributes is not considered in this stedyare different types of
inventory review practicef\dditionally, there is no differentiation between SHO
durations during highraffic periodsfrom those at lowtraffic periods. Since a SHO is
more likely to occur during higtraffic periods, the SHO duration during lavaffic
periods carries more weight than it probably should, possibly resulting in an inflated
coefficient for SHO duratioparaneter on item salesThe GSEM model overall benefits
from being able to fit multiple nonlinear and discretely distributed endogenous variables
at once but is difficult to interpret beyond parameter coeffici€nsthe other hand, the
3SLS model overalldnefits from accounting for covariance of errors of dependent
variables across equations loahnot easily account for heteroscedasticity or serial

correlation.
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Chapter 5 Conclusion: Take-aways from the retail shelf

This dissertation focuses on product availability which splagesearch streams
of retail category management, fast moving consumer goods, packaging logistics, shelf
management and instore logistics. Chapter 1 provides a closer look at the shelf
replenshment process and within retapecific researchlhe chapter also looks at
broademproduct availability research and risk fiag through substitution as well as
throughpostponement. The research deficits in this area stem from the inability of fully
capturing retail shelf stockouSHO) which results in use gariousSHO attributes and
separate streams of reseairtio the causes and effects of SHOhapter 2 considers
customers and products in studying inventory management decisions and ithaectr
impact in terms of customer service. Chapter 3 considers product and employees in shelf
display and irstore logistics decisions and its performance impact also in terms of
customer service. Chapter 4 focuses on products and the fin@mifadale¥ impact of
in-store logistics decisions. The sections below highliliggertation context,

contributionsand avenues for future research.

5.1 Dissertation context

The first chapter sets the research theme of the dissertation, of uncertainty and on
shelf aailability with decisions on wstore logistics, inventory management, and product
assortment and displaly.appliesthe three opposing objectives of managing inventory
according to Tabucanon and Farah@m®i85)within the settingpf instore replenishment

as illustrated in FigurB-1. The illustration showthenumber of unitgy axis)of an item
335



at the storeverall(dotted inventory investment curva$ well as the number of units on
customeraccessibleshelves (bold solid black customer service cuox&x a timespan of

8 days (x axis). Operational efficiency is illustrated by shaded regions in the graph which
arethedifference between what is in the store and what is on selling floor shelves.
Shelves should have been replenished during these steagieas which reflect poor

instore replenishmenReplenishment is necessary whenever the customer service curve
decreases, in other words whenever a custporehaseshe item.One item is illustrated

in this figure without considering parallel asdmetimes competing demands and
replenishment of other itemshe 3 studies in this dissertation (chaptery 2eflect

different aspects of Figureh
0 ® ololiollo
"}/ Inventory investment

@]

perational efficiency

. Customer service
.-‘. : / - ., shelf capacijty

Sun Mon TueLr'® Wed Thu 1@ Fri ]@ Sat @ Sun

Figure5-1 Shelf replenishment with twber inventoy
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5.2 Contributions

The three main areas of contribution to theory are in risk pooling through
substitution, through postponement, and in product availability research. Each research

guestion area is summarized below.

5.2.1RQ1What is therelationship between stockebased customer
switching and fill rates?

The illustration in Figure 4. is considered for multiple itenis Chapter 2 where
the inventory investment and customer service curves are identical since there is no
secondary inventy space and no instore replenishment. With no instore replenishment,
there is no backroom effect, or supply issues affecting the customer service curve over
time. The customer service cungethus only affected by demanithe demand of two
separatéems intersect in Chapter, &hen one item stocks out and customers switch to
the alternate item as a substitute purch@e.alternate item faces an inventory effect
(Borin, Farris, & Freeland, 1994pits decreasing inventorypvestmentcurve now
refl ects an f(Rafafare & Tangy 2001)r thensum of both initial and
alternate customer dend For exampleduring the stockout period 3 in Figurel5
customers who arrive to the store for this item and find it SHO may be willing to switch
to another item. If thegwitch although they areot accounted for at all ine¢hgraph of
thisitem, theyare nowin anoher graph (of the alternate item) as partafth i t e mé s

decreasingnventory investmenturve

337



Substitute purchasesive inventory investment levels downward, aed
traditionalsubstitution theory posits that customer sergae thus firm performare)
increases with substitution since customers facing 8i¢ble to leave the store with a
substitute item purchas€hese substitute purchases effectively pool the inventory
investment of two separate items imttargersupply source so the risk ofstomers
leaving without a purchase nsitigated With 100%two-way substitutability (every
customer is willing to buyhe alternate item when faced with SH®e inventory
investment curve (Figure-B) for anitem switches to the inventory investment legél
the other item whenever its own inventory level fallsto Zérh.e al t er nat e
customer service curve captures these substitute purciidsest h e  iownesimelh s
inventory is replenished, the inventory investment curve returns to its own [Elvels
inventory investment curve fluctuates and is thus separate from the customer service
curve even without instore replenishment. With instore replenishment, the difference
between both curves holds a region of operational inefficiency. However, sttimoer
switching the temporarily higher inventory investment level marks the period of time
when product availability is higher without actually holding more stbick.holding
more stock but having greater product availabittgt the core of risk poalg through
substitution.This view is in contrast to more recent views on substitwiloich find:
higher inventory level§Yang & Schrage, 2009)lecreased retailer market share (Wu et
al., 2013) decreasegrofits (Hsieh, 2011ps well as greater difficulty in forecasting
demand (Cooper et al., 2006; Anupindi et al, 1998ich drives SHO all of which

oppose risk pooling theory
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Thecontributionof Chapter 4s reconciling opposing views amhether the
customer sviching phenomenon helps or hurts firm performance. Performance is studied
by bringing together various fill rate measures into one study and by relaxing
assumptions of pricsubstitutionstudies.The firstof two assumptions that are relaxsd
symmetric sibstitutability in Chapter Zhe proportion of focal customers willing to buy
the alternate item may be greater (or less) than the proportion of customers willing to buy
the focal item as a substitufehe second is the introduction @indom customer aval
sequence (Gillandnd Heese, 2013) anagentbased model perspectiwdich is
comparedo fill -rate heuristi§FRH) outcomesThe FRH essentially represents outcomes
from a customer service curve in Figur& Wherecustomers are assumed to buy an
aternate item only afteall expectednitial customers have bought Tthis FRH
assumption represents ttnaditionalperspective on the substitution phenomeimon
terms of risk poolingn empirical and analytical papets.contrast, the ageifitased
model does not assume how the demand or inventory investment curve in Figwrk 5
decrease over tim@ver time theagentbasedsimulation program tallies which
simulated customer buys which item and the emerging outcarae®mpared to FRH
outcomeausingANOVA followed byTu k ey 6 s St u destrotfindZukey Ran ge

groupings

Comparison obutcomes fronthe two different perspectives on customer
switching helpgo find a middle ground in the dispute of whether this typgubstitution
increase®r decreases salaad SHOs Both sides of the debate find support in the
findings Customer service (as measured by various unit fill rate outcomes) has
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nonlinear relationshivith the customer switching phenomenaéu very low inventory
investment (as measured by target service 1eV8k) there is not enough in stobdr
customers to switch to so that increasing substitutability is linkeaisesales
outcomegontrary to risk pooling theoryrhe main reason for this mag lbecause
replenishment cycles which originally start out in sync are pushed out of sync with
substitution At very highinventory investmentustomer service does not improve
through substitution Substitutability makes little to no differenae termsof increasing
either initial or alternate sales, perhaps because SHO does not occur often enough to

require customer switching

At the medium level of inventory investmentt only the degree of
substitutability but the direction sbstitutability matters in terms of ahproportion of
focal customers get which iteamd which walk away with no purchas#ith symmetric
two-way substitutability, overall the number of focal customers who face SHO are as
expected by the FRHrewer custmers walk away without a purchase as symmetric
substitutabilityratesincreasgsupporting risk pooling theorylt is interesting to note that
fewerfocal customers are able to buy the initial item with increasing substituyabilit
because alternate custers, whose item is now being purchased by focal customers, buy
the focal item as a substitute in greater numbEos oneway substitutability, isk
pooling theory does not find suppdftone-way substitutability towards the alternate
item goes upifcreasingfocal customer willingness to switgithenfocal customers

willing to substitute face SH@ore, contrary to risk poolindf. one-way substitution
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towards the focal item increases, then focal customers not willing to switch face SHO

more,alsocontary to risk pooling.

Another contribution to the theory agk pooling through substitutias that its
impact on customer service canrbasked or accentuateépending on which type of fill
rate is chosen as a performance meafledormance measurase compared with
MANOVA tests followed by ANOVA to obtain partial eta squaféect size values of
Ssubstitutability and i nv e nrheanostaggregateddilt me nt 6
rate measure, category fill rate, is significantly linkethe level of inventory investment
of each item as well as the proportion of customers willing to substititide both
inventory investment levels have equal impact size (0.30) on category fill rate, the
other three fill rategitem, customer, iniéil) accentuatéocal iteminventory investment
(n  0.740.76) whilemasking the effects aflternatatem investment levethangegno

significant effect)

This means that holding more inventory of an alternate item appears to have no
effect on focaltem fill rate or focal customer fill rate, contrary to risk pooling theory.
Even though there is an impact, it is only captured by the category fill rate or the alternate
item or alternate customditl rate measuresThis parallels the discussion of Figus-1,
where customers facing SHO and switching to the alternate item do not appear anywhere
in a customer service and inventory investment graph of the focal item. Similady, risk
pooling effects of increasing the proportion of focal customers willirsgvitch is only

captured through category fill rate measures or fill rates of the alternate item or alternate
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customer. This suggests that perhaps reaching a consensus in the literature on the
effectiveness ofisk pooling through substitutiomould be assited by analysis with
multiple performance measunregthin a singlestudy andoy comparing across studies

with the same fill rate types.

Finally, comparing the two views on substitution leads to practical contributions
for retailers For a retailer mnaging a group of items that are a mixture of-non
substitutable, fullysubstitutable, and twavay substitutability (symmetric and
asymmetric), the FRH serves as a reasonable rule of thunmvémtory investment
(TSL) decisionsTSL decisions should coiaer what proportion of customers are willing
to switch between items. Items where less than half of customers would switch are good
candidates for risk pooling through substitution. Substitution however, will hurt sales
when half or more of customers wdwdwitch between items. Such items should have
higher inventory investment than store software recommends or store managers estimate.
If the store would like to focus on a specific group of customers (those who buy a certain
brand or set of itemas initid or alternate purchagthen they should consider which
other customers would switch to the focal customer item(s) and have higher target service
levels for those items. It may seem counterintuitive to have higher service goals for items
that the focal grup may not be interested in. The reasoning behind this is trying to avert
other customers from switching to the foca

f ocal customer 6s initial or alternate choi
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5.1.2RQ2 How does instore logistigeostponement affect product
availability?

This chapter contributes to the theory of postponement by introducing the term
Ai nstore | ogi HILP) whih reflect the taxdieeimrentory already
existing inmost brickandmortarstoreg(Tiwari, Jaggi, Gupta, & Cardendarron,
2018)and is illustrated by Figureb. Figure 51 6 s i nvent aswlenthenve st men
store implenents ILP and the inventory investment curve disappears (merges with
customer service) when there is no item ILP. When there is ILP, the operational
efficiency areas are the shaded regions of Figtkebd are measured with six different
SHO attributesThi s chapt er 0s -foikredting thogdlyoghowtos t wo
measure ILP. First, a factor analysis attempts to capture when a store takes part in ILP
with four differentindicators Then ILP is measured with three indicators including a
binary dummy fo taking part in ILP. This latter measure of the ILP construct has greater
explanatory powerSecondly, a GSEMtructure included_P with only thebinary
definition instead of as a construBbth approaches lead to similar resuisce the
GSEM struatire allows for each observed variable to be included directly into the model
instead of as construct indicators, a more nuanced view of the relationship between an
i t edwiand characteristiesd product availability (SHO attributes) is reached.
Overall,both the CFA and GSEM show decreasing product category SHO occurrence

with ILP.

Since items within a product category may have different characteristics (demand

unpredictability velocity, and other systemic drivers) another study contribution is
343



adaptingci sher s (1997) <classification of i tems
or innovative (high systemic drivers) saggest a framework to decide when to use ILP.

| LP i s appropriate whenever the <sateoreds re
instead oflabol f t he i tembs systemic drivers are |
be an area for item safety stock. This fits in with a store strateggfthereasing

availability, as the safety stock can be used to replenish the stdrevkbeéveran

itembs next s hi pme nandshelf stacklevelssate &SHCeornearly on i t
SHO. This is possible whenever higisstemic driver items have had an unusuaigh

inventory period sales. On the other hand for items with low systenviers ILP is still

a suitable inventory investment approach if the store has limited shelf space and high

product variety. Both the safety stock and a portion of the cycle stock can be stored in
backroom space so that the store can offer a widertassarof items than possible if all

or most of the item inventory were kept on custoamressible shelve§he two main

reasons when ILP would not be preferred is when the store emphasizes labor over shelf

space. Then an item strategy towards efficienould push the store towards avoiding

using labor resources for instore replenishment, having personnel put thesestemic

driver items entirely onto th@edicatedshelfspaceupon store deliverySimilarly, an

item strategy towards availability would push the store toward avoiding using labor

resources and instead increasing item shelf capacity so a store delivery could fit dedicated

shelf space entirely.

Empirical results show that the comporseat systemic drivers are linked to ILP
in different ways. More unpredictable items (an increased systemic driver) are more
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likely to take part in ILP where safety stock is kept in the backroom to use during
inventory periods where the shelf stock mayaouhbefore the next store delivery.

However, higher velocity items (an increased systemic driver) are less likely to take part
in ILP so that the items are more likely stocked only on the dedicated shelf for maximum
availability. Furthermore, average itemmpredictability has no significant link on either
SHO duration for the overall category or SHO frequency for the store. On the other hand
increased item velocity is linked to increased SHO duration for the category but not to
SHO frequency for the storkarger category sales (an increased systemic driver) are
more likely to take part in ILP as evidenced by empirical results showing increased store

and category SHO frequency but decreased SHO duration.

5.1.3RQ3 How areSHO measures related to one another aniteim
sales?

Last of all,Chapter4 contributes to product availability reseaattthe item level
of analysisby combining two different SHO attributes, SHO antecedentstaed effects
on salesSales are measured in units and reflect the customéceseurve of the
opposing objectives in Figurel with a steeper slope as a measure of higher sales
velocity. The methodology in this chapter is GSEM and 3SLS as the two measures of
SHO, frequency and duration, are endogenous regressors of a maalesgquation.
With a control for whether store personnel
decrease the region of operational efficiency in Figui¢ this study finds higher sales
linked to longer SHO durations, with the lowest sales forstamich never SHOThis

result initially soundgounterintuitive since SHOs are usually linked to lower sales
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However, dook at the sawtooth model (Figure2) of a periodic review system over

time shows that when demand is higher during an inventerydogsuch as @sales in

period 1) the average demand slope is steeper than period 2 sales which have not stocked
out during inventory period &ince the stores used in this sample have a periodic

inventory review period of a week,makes sense thaeins with the lowest of weekly

sales (mean 15.19 units for isotonics, 32.53 units for yogurt) will have lower SHO

duration, on average, than items with the highest weekly sales (isotonics 20.78, yogurt

61.46 units of mean weekly sales).

Figure5-2 How zero SHOs can be associated with the lowest sales

The finding thahigher SHO frequency is linked to higher unit sales also sounds
counterintuitive at first glance. However, it supportsdbecept of instore logistics
postponement in Chapter 3. Stores are quickly and perhaps partially restocking items

from backroom spacduring the inventory period and between store deliveries.
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Since this data is from a pilot study of a new technology and SHO frequency in
the data can be as high as 9 SHO per week it may be necessary to consider the accuracy
of data. Although assured liye pilot study company that this is not the case, a less
exciting and still possible explanation may be that the shelf liner technology, of a
standard surface area, has multiple sheets of sensors for those items with large shelf
capacity. For example, yag with 100 units on the shelf may use 4 shelf liner sheets,
while another yogurt item with shelf capacity 25 may use only one sheet. It is possible
that the SHO event records for the 400t item captures when the stock on the shelf
diminishes by one arter multiples, so that only one out of 4 SHO events recorded is
truly when there are 0 units of the item left on the shelf. So what if this is the case despite
contact assurances that it is not so? Then both the SHO duration and the frequency will
be hidher, on average, for items whose number of facings exceed the width of the shelf
liner. That will affect outcomes in exactly the way discussed here, with higher SHO
frequencyand longer SHO duration linked to greater sales than compared to lower
frequencyand duration conditions.ooking at the data by category, there are potentially
6 items (out of 86) where such a problem could occur for yogurt, and 24 (out of 62) for
isotonics.The isotonics proportion may affect overall outcomes more so than yogurt,
which may explain why the Bonferrenorrected pairwise comparison of means found
no statistically significant difference between any of the highfrequency and duration
groupings, including the no SHO case.e@hthe problems with historical data is hagyi
to assume the data is valid or accurate without being able to directly confirm that as in
observational (researcheollected, not archival) dat@hough time limitations prohibit

checking the isotonics items, a check was made for lugécapacity by looking at
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number of facingsyogurt itemswhich were all inonly one of the 4 store©f the 48

possible observations in the data for these items, 44 observations had zero SHO. Only
one observation for one item fell into the higagquency groupWith 2,752 observations
total, the single yogurt observation could affect the data enough to prodube

counterintuitive results of higher SHO frequency being linked to higher sales.

SHO frequencybés relationship tatialgHO dur
supporting the hypothesis of an invetdeshaped relationship between the two. In the
GSEM specification, the inverde relationship is significant fahe overall model and
product category subsets. However, for the 3SLS model, an ifveskape
relationship is not supported at diideed, for isotonics, there is a curvilinear relationship
where both the linear and quadratic terms are significant and poBitittemodels have
the same righhand side variables (identical paths) but the GSEWM&ire controls for
heteroscedasticity aralitocorrelation whereas the 3SLS model automatically controls for
covariance between tlegrors ofdependent variables at the different le\mls there is no
userwritten panel data correctiohese results weant a sensitivity analysis that is

currently timeprohibited.

5.3 Future research

This section lists future research questions that have not already been discussed in

the future research sections of prior chapters.

Numerous extensions can be made to oth&zarch areas. An immediate

extension is comparison of the dissertation findings with online and omnichannel
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retailers.Given their technology they are more likely to have full records of when (and
for how |l ong) items are SKHO,) ckredoevem hobwt
what they chose next when being faced with SH@e substitution chapter does not

include any backroom inventgrgonsidering instore replenishment (ILP) with

substitutable items could look into if ILP allows for risk pooling through substitution to
improve performance at every level of inventory investmenms dissertation did not

consider retail distribution cesris (RDC) specifically. Is ILP better than RDCs or even

direct store delivery? A comparison of these 3 types of shelf replenishment approaches
would be interesting both in terms of substitution and product availaliitlirect store
delivery the vendoincurs the time and money costs of replenishing shelves, whereas ILP
is completely on a store location and RDCs move costs up to the regional or corporate
retailer. There is also the concept of shelf replenishment when a SHO has occurred
(reactively) and mactively, before the item has SHO. Reactive replenishment may be
similar to emergency transshipments and a comparistire dfvo types of instore
replenishment could parallel studies on transshipments and what types of risk (demand or
lead time, or bothihey pool againstinally, companies like Amazon have been looking

into different packaging options for case pack size to stores as well as shipping boxes to
online customer§Stevens & Phillips, 2017Yendors may wish to tr their case pack

size to retaile® either retailer or storepecific packaging because even though there is
increased cost with customization, there may be fewer lost sales from the backroom

effect or the costs could be offset by increased sales thibBgh
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Scenario A replenishesthe shelf at an earliertime than scenario B, because the delivery arrives earlierthan at B.
The next delivery is still at Friday night, so that doesn't change between the two scenarios.

The customer purchases start happening earlierin A than in B, but the number of units sold in totalis the same.
Scenario B replenishes from the backroom earlier than in A, so SHO 2 |s shortened.

What happens to the operational efficiency ? Which one has o greater inefficient area from Wednesday to Friday P77 Or
over the week overall? Don't sales also depend on whether the different SHO perlods have different demand rates?

Figure5-3 Example for future research

The opposing objectives of Tabucanon and Farali&&5)were only referred to
in this chapter and Chapter 1 as a guide for howstatf availability has supply
(inventory investment) and demand (customer purchases) drivers that interact with one
anotherandarenot directly tested anywhere in the hypotheBesearch in the areas of
operational efficiency, of inventory investment decisions and customer service, can test
for these concepts as constructs with some of the indicators being the variables used in
this dissertationwWhile analytical work can try to adel the 2 curves and the regions of
operational efficiency between them, a combination of modeling and empirical work
(perhaps through simulation) could study what it means to have certain amounts of
operational inefficiency and whether efforts towardagge efficiency are warranted

given changes in performance. An example set of questions is presented in FAgure 5
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This example brings into question the concept of efficiency in retdile lipper limit for

sales is orhand inventory levelgjoes it maer how long or how often SHO occurs? If

the same number of units are sold in Scenario A as in Scenario B (Fgudeés the
operational efficiency differ? Do the average SHO duration and frequency attributes

differ? Is operational inefficiency (poor $tore replenishment) a greater issue when

stores are open or closed? Since store personnel are no longer busy with customers during

closed hours, all regions of operational inefficiency should disappear. Do they?

Future researchpportunitiesalso existoy combining the streams of literature in
Chapters 4. For the empirical studies (Chapters 3 and 4) the demand tsigetually
simply realized sales, which overlooks how many customers faced SHO and either
switched to anothermrpduct or left without purchas&here is also no order size for these
two chapters as there is for the simulation in Chapté&r@er size information would
make it easier to pinpoint which items are being managed througtmidther major
difference ighatChapter 2 haa reorder point model of inventory review while the
empirical datafor the other two chaptersere obtained from stores with periodic review.
Periodic reviews purposefully not used in the simulation st¢@hapter 2gs itwould
have nflatedSHO duration by forcing the store to wait until the order point of the
periodic review system instead of placing a store ordarexirder pointait an earlier
period of time Thus, periodic reviewould be a confounding effect upon the
substitutian effects studied. However, if the review type is switched to periodic instead of
continuous review, and the simulation model validated by the empirical data when there
is no substitution (for example, by taking one item from one product category and one
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item from another category), then the combination of ILP and substitution effects could
be studiedor substitutable items within both product categor&sbstitution, just like

ILP, causes a distinction between the inventory investment and customee servies.
Substitutionmaydecrease areas of operational inefficiefaryanitem but also magnify

the distance between the inventory investment of an item and its customer service curve
of the alternate itemThe research area of inventory review pobateuld study what

types of review policies are most beneficial for risk pooling through substitution, through

ILP, and when both phenomena exist.
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I. Findings of systemic review on OSA drivéMoussaoui,
Williams, Hofer, Aloysius, & Waller, 2016)

Table 2 — List of OSA drivers by category and associated key references from the literature

Category of drivers

Drivers

Keyv references

Operational drivers

Behavioral drivers

AManagerial drivers

Coordination drivers

Systemic drivers
(contingency factors)

Poor forecasting
Poor ordering

Backroom operations

Inadequate shelf space allocation
Inadequate case pack size

Low replemshment frequency
Poor shelf maintenance
Inventory record maccuracy

Upstream execution failures

Incorrect master data

System override

Poor shelf maintenance

Checkout errors

Lack of managerial emphasis on the
importance of OS54

Management turnover

Poor coordination and lack of
synchrony

Poor commumnication and lack of
visibility

Demand autocorrelation
Demand vnpredictability

Demand velocity

Product variety

Network design

Corsten and Gruen (2003); Nachtmann et al.
{2010); Taylor and Fawcett (2001)

Corsten and Gruen (2003); Ehrenthal and
Stélzle (2013); Grant and Fernie (2008)
Nachtmann et al (2010): Raman et al
(2001); Ton et al. (2010) ;: Waller et al.
(2008)

Eroglu et al. (2013); Nachtmann et al. (2010)
Eroglu et al. (2013); Waller et al. (2008)
Eroglu et al. (2013)

Gruen et al. (2002); Raman et al. (2001)
Fernie and Grant (2008); Raman et al. (2001)

Corsten and Gruen (2003); Eftouzam et al.
(2012); Raman et al. (2001); Willams and
Waller (2012);

Corsten and Gruen (2003); Nachtmann et al.
(2010)

Corsten and Gruen (2003): Kremer et al
(2011); Ren and Crosson (2013); Van
Donselaar et al . (2010)

Aastrup and Kotzab (2009); Corsten and
Gruen (2003)

DeHoratius and Eaman (2008); Nachtmann
etal (2010); Raman et al. (2001)

Raman et al. (2001)
Raman et al. (2001)

Corsten and Gruen (2003); Ettouzami et al
(2012)
Corsten and Gruen (2003): Lee et al. (2p00)

Zinn et al. (1994)
Tavlor and Fawcett (2001)

Corsten and Gruen (2003); DeHoratius and
Raman (2008); Fermie and Grant (2008):
Tavlor and Fawcett (2001);

Raman et al (2001); Stassen and Waller
(2002); Wan et al. (2014)

Fisher et al. (1997); Steckel et al. (2004);
Wan and Evers (2011)

The proposed framework for studying retail shelf availability drivansecedents to

SHO) Included with permission from authors.
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Simulation outcomes fatem'yY

The next set of tables for item Y are included in the Appendix and mirror the tables in
Figures 28 thru 211 for focal item X.

(2

50%

Target Service Level

75%

95%

N N N D D D A A A
None | 5o 50 50 75 75 75 95 95 95
= 51.35 51.34 51.19 77.85 77.85 77.85 97.77 97.77 97.77
o
X%) P K F F E AB B AB
X
> Half 50 50 50 75 75 75 95 95 95
§ 49.24 54.25 52.07 74.59 74.61 75.05 97.47 97.46 97.50
(@] M G | H C C C
Al g0 50 50 75 75 75 95 95 95
49.63 51.75 5762 72.52 69.07 70.23 96.98 97.05 97.16
None Half All None Half All None Half All
Buy X if Y is out
« e Target Service Level
(2T
Difference(t stats) 50% 75% 95%,
None 1.34 1.34 1.19 2.85 2.85 2.85 2.77 2.77 2.77
(53.46) (49.85) (50.47) (94.40) (94.40) (94.40) (88.62) (88.62) (88.62)
5
o
R}
_f: Half -0.76 4.25 2.07 -0.41 -0.39 0.05 2.47 2.46 2.50
> (-19.49) (123.50) (36.97) (-10.20) (-11.07) | (1.44) (87.66) (75.63) (102.6)
§
Al -0.37 1.75 7.62 -2.48 -5.93 -4.77 1.98 2.05 2.16
(-4.03) (10.29) (75.16) (-44.08) (-100.0) (-110.0) (64.55) (102.6) (50.19)
None Half All None Half All None Half All

Buy X if Y is out
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50%

Target Service Level

75%

95%

C F | L (@] Q
None | 5 25 0 25 12.5 0 5 2.5 0
= 48.66 24.35 0 22.15 11.08 0 2.23 1.11 0
o
X%) A H E K N Q
X
> Half 50 25 0 25 12.5 0 5 2.5 0
§ 50.76 22.87 0 25.41 12.74 0 2.53 1.26 0
B G D J M P
All
50 25 0 25 12.5 0 5 2.5 0
50.37 24.12 0 27.48 15.46 0 3.02 1.47 0
None Half All None Half All None Half All
Buy X if Y is out
« Target Service Level
Difference(t stats) 50% 75% 95%
None -1.35 -0.65 - -2.85 -1.42 - -2.77 -1.39 -
(-53.46) (-16.41) - (-94.40) (-40.05) - (-88.62) (-82.18) -
5
o
L
_f; Half 0.76 -2.13 - 0.41 0.24 - -2.47 -1.24 -
> (19.49) (-47.30) - (10.20) (6.36) - (-87.66) (-63.71) -
g
Al 0.37 -0.88 - 2.48 2.96 - -1.98 -1.03 -
(4.03) (-8.51) - (44.08) (103.80) - (-64.55) (-47.62) -
None Half All None Half All None Half All

Buy X if Y is out
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ke

50%

Target Service Level

75%

95%

M E B M H F M L J
None | 4 12.5 25 0 9.38  18.75 0 238 475
5 0 10.16 19.05 0 6.27 9.41 0 1.08 2.12
o
%) M | C M D B M KL J
x
= Half
> 0 125 25 0 9.38 18.75 0 2.38 4.75
§ 0 2.78 14.46 0 12.11 18.75 0 1.23 2.42
M G H M D A M K |
Al 0 125 25 0 938 1875 0 238 475
0 7.26 6.16 0 12.39 29.04 0 1.44 2.76
None Half All None Half All None Half All
Buy X if Y is out
e Target Service Level
L
Difference(t stats) 50% 75% 95%
None - -2.34 -5.95 - -3.11 -9.34 - -1.30 -2.62
- (-46.78) (-120.0) - (-54.55) (-110.0) - (-73.61) (-84.53)
5
o
L
_f; Half - -9.72 -10.54 - 2.73 -0.00 - -1.14 -2.33
> - (-200.0) (-74.92) - (51.82) | (-0.024) - (-74.47) (-100.0)
§
Al -5.24 -18.84 - 3.01 10.29 - -0.94 -1.99
(-44.73) (-170.0) - (29.67) (288.1) - (-42.84) (-43.45)
None Half All None Half All None Half All

Buy X if Y is out
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I

50%

Target Service Level

75%

95%

F C L | G L L
None | o 12.5 25 0 313  6.25 0 013  0.25
= 0 14.16 29.76 0 4.80 12.74 0 0.05 0.11
o
X%) D B L K H L L
X
= Half
> 0 12.5 25 0 3.13 6.25 0 0.13 0.25
é‘ 0 20.10 33.46 0 0.55 6.20 0 0.04 0.08
E A L J K L L
Al 0 12.5 25 0 3.13 6.25 0 0.13 0.25
0 16.87 36.2 0 3.08 0.73 0 0.04 0.08
None Half All None Half All None Half All
Buy X if Y is out
e Target Service Level
Difference(t stats) 50% 75% 95%
None - 1.66 4.76 - 1.68 6.49 - -0.08 -0.14
- (33.83) (92.68) - (25.95) (74.32) - (-16.71) (-17.69)
5
o
L
_f; Half - 7.60 8.46 - -2.57 -0.05 - -0.08 -0.17
> - (165.9) (91.87) - (-73.78) | (-0.37) - (-25.29) (-25.17)
§
Al - 4.37 11.22 - -0.04 -5.51 - -0.08 -0.17
- (71.84) (162.9) - (-0.64) (190.0) - (-24.86) (-23.23)
None Half All None Half All None Half All

Buy X if Y is out
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IV. Full GSEM and 3SLS outpyCh
GSEM of overall data below.

Log pseudolikelihood = -25245.771

(Std. Err. adjusted for 592 clusters in storeupc)

| Robust
| Coef. Std.Er. z P>[z] [95% Conf. Interval]
____________________________ +
soldwk |
c.durratehat#c.eventratehat | -.0236813 .0044214 -5.36 0.000 -.0323472
|
durratehat | .0898371 .0074626 12.04 0.000 .0752107 .1044636
durrat ehat2| .0010671 .0003935 2.71 0.007 .0002959 .0018383
regprice | -.3430823 .0205297 -16.71 0.000 -.3833197
percdisc | -.0204105 .0060338 -3.38 0.001 -.0322365
shelfno |
2| -.0031359 .1546408 -0.02 0.984 -.3062262
3] -.0710701 .1292707 -0.55 0.582 -.3244359
4| -.0146525 .1351972 -0.11 0914 -.2796342
5| -.1576235 .131418 -1.20 0.230 -.4151981
6| -.1788821 .1373337 -1.30 0.193 -.4480512
7 -.1266018 .1475192 -0.86 0.391 - 415734
store |
6515 | -.0532447 .0518624 -1.03 0.305 -.1548931
6520 | -.1540976 .0474586 -3.25 0.001 -.2471148
6539 | -.5753876 .0621234 -9.26 0.000 -.6971471
week |
1] 0 (empty)
2] -.3511602 .0275326 -12.75 0.000 -.405123
3 | -.2513359 .0219528 -11.45 0.000 -.2943625
4| -.0061798 .023534 -0.26 0.793 -.0523057
5] -.0690468 .0243895 -2.83 0.005 -.1168493
6 | -.1472804 .0221271 -6.66 0.000 -.1906487
7] -.0642516 .0313051 -2.05 0.040 -.1256084
8| 0 (omitted)
|
vendor |
2| -.2413811 .1112931 -2.17 0.030 -.4595115
3] -.8350309 .053822 -15.51 0.000 -.9405201
4| -.6295834 .0418883 -15.03 0.000 -.711683
5| -.8186177 .059968 -13.65 0.000 -.9361527
|
_cons| -3.46142 .1868212 -18.53 0.000 -3.827583
In(openwk) | 1 (exposure)
durrate |
eventratehat | 14.20502 1.8 0937 7.85 0.000 10.65872 17.75132
eventratehat2 | -1.644395 .3044691 -5.40 0.000 -2.241143
casepack |
4| 20.1577 8509766 2.37 0.018 3.478868 36.83654
8| -17.24898 8.639632 -2.00 0.046 -34.18235
12 | -16.99621 8.000418 -2.12 0.034 -32.67674
15 | -16.60315 11.35101 -1.46 0.144 - 38.85073
casepackic.capacityr |
3] -1.627422 1.044781 -156 0.119 -3.6 75156
4| -3.837301 .3289252 -11.67 0.000 -4.481982
8| 0 (omitted)
12 | -.0523975 .0646855 -0.81 0418 -.1791788
15| .096489 .3679361 0.26 0.793 -.6246525
pingint |
1] -1.648932 1.50916 -1.09 0.275 - 4.606832
2| .991843 1.870381 0.53 0.596 -2.674037
3] -.6540911 1.218006 -0.54 0.591 -3.04134
vendor |
2| -8.635879 4.086856 -2.11 0.035 - 16.64597
3| 1.850535 2.056727 0.90 0.368 -2.180575
4| 1.117814 2.018143 0.55 0.580 -2.837674
5] -1.329979 2.758302 -0.48 0.630 -6.736151
store |
6515 | 1.224667 1.429229 0.86 0.392 -1.576571
6520 | -1.029785 1.845497 -0.56 0.577 -4.646893
6539 | 1.193236 1.755136 0.68 0.497 -2.246767
|
_cons| -9.875748 8.305193 -1.19 0.234 -26.15363
In(openwk) | 1 (exposure)
eventrate |
casepack#c.capacityr |
4| -.0134475 .0276799 -0.49 0.627 -.0676991
8 | -.2160552 .0412684 -5.24 0.000 -.2969397
12 | -.2015776 .0426558 -4.73 0.000 -.2851815
15 | -.1731639 .0342966 -5.05 0.000 -.240384

|
capacityr | .2002424 .0451363 4.44 0.000 .1117768 .288708

soldhat |

L1.| .020226 7 .0035843 5.64 0.000 .0132016 .0272518
|

vendor |
2| -1.114027 .4794021 -2.32 0.020 -2.053638
3| .6422445 .234 8551 2.73 0.006 .1819369 1.102552
4 | .2785198 .2162087 1.29 0.198 -.1452414
5| -.2658868 .3743439 -0.71 0.478 -.9995875

. 4)

-.0150155

-.3028448
-.0085 844

2999545
.1822958
2503291
0999511
0902869
.1625304

0484037
-.0610804
-.453628

-.2971974
-.2083092
.039946
-.0212444
-.103912
-.0028948

-.0232507
-.7295416
-.5474839
-.7010826

- 3.095257

- 1.047646

-.3156123
-1.31568
5.644428

420311
- 3.192619

.074383 8
.8176306

1.308968
4.657723
1.733157

-.6257887
5.881645

5.073301
4.076193

4.025 905
2.587322
4.63324

6.402132

.0 408041
-.1351707
-.1179738
-.1059437

-.174416

.702281
4678138
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1| 0 (empty)
2 0 (omitted)
3] -.4093416 .121561 -3.37 0.001 -.6475968 -.1710863
4| .0696827 .096254 0.72 0.469 -.1189716  .258337
5| .0098683 .1076246 0.09 0.927 -.2010721 .2208087
6| -.2318675 .1145406 -2.02 0.043 -.4563629 -.0073721
7 -.6575025 .1137955 -5.78 0.000 -.8805376 -.4344673
8| 0 (omitted)
_cons| -10.35927 .3607862 -28.71 0.000 -11.06639 -9.652138
In(openwk) | 1 (exposure)
____________________________ +
Isoldwk |
Inalpha | -1.44648 9 .0466918 -1.538003 -1.354975
____________________________ +
leventrate
Inalpha | .8431637 .0875523 671 5643 1.014763

____________________________ +

var(e.durrate)] 247.9128 28.63497

197.6886 310.8968

GSEM of yogurt category below.

(Std. Err. adjusted for 344 clusters in storeupc)

soldwk |
c.durratehaty#c.eventratehaty |

| Robust
| Coef. Std.Err. z P>|z| [95% Conf. Interval]

-.0409285 .0160664 -2.55 0.011 -.072418 -.009439

durratehaty | .1354977 .0225631 6.01 0.000 .0912748 .1797205
durratehat2y | .0032287 .0012385 2.61 0.009 .0008012 .0056562
regprice | -.5090604 .1285852 -3.96 0.000 -.7610827 -.2570382
percdisc | .0000637 .0073307 0.01 0.993 -.0143043 .0144317
shelfno |
4 | .0403655 .0466112 0.87 0.386 -.0509907 .1317217
5] -.1543446 .0415224 -3.72 0.000 -.2357269 -.0729623
6 | -.2719564 .05738 -4.74 0.000 -.3844192 -.1594937
store |
6515 | .184114 .0613424 3.00 0.003 .0638851 .3043429
6520 | .0323712 .0783676 0.41 0.680 -.1212265 .1859689
6539 | -.5511514 .06301 -8.75 0.000 -.6746486 -.4276541
week |
1] 0 (empty)
2] -.3965897 .0361131 -10.98 0.000 -.4673701 -.3258094
3] -.2821866 .0254559 -11.09 0.000 -. 3320792 -.232294
4| -.1027701 .0355672 -2.89 0.004 -.1724805 -.0330597
5| -.1266155 .0326392 -3.88 0.000 -.1905871 -.0626439
6 | -.1211434 .0289853 -4.18 0.000 -.1779535 -.0643334
7 | .024517 .0478643 0.51 0.608 -.0692953 .1183293
8 | 0 (omitted)
vendor |
3] -.8501474 .0570897 -14.89 0.000 -.9620412 -.7382536
4| -.6884022 .069725 -9.87 0.000 -.8250607 -.5517437
|
_cons| -3.357125 .1595901 -21.04 0.000 -3.669916 -3.044334
In(openwk) | 1 (exposure)
durrate |
eventratehaty | 16.18051 2.454376 6.59 0.000 11.37002  20.991
eventratehat2y | -2.433799 .4858767 -5.01 0.000 -3.3861 -1.481498
casepackic.capacityr |
12 | -.0377243 .0589333 -0.64 0.522 -.1532314 .0777828
pingint |
1] -1.961593 1.676656 -1.17 0.242 -5.247778 1.324591
2| -1.999583 1.911807 -1.05 0.296 -5.746657  1.74749
3] -1.186295 1.219804 -0.97 0.331 -3.577066 1.204477
vendor |
3| 1.650018 1.876104 0.88 0.379 -2.027078 5.327115
4| 1.323544 1.825226 0.73 0.468 -2.253833  4.90092
store |
6515 | -3.648518 1.66722 -2.19 0.029 -6.91621 -.3808261
6520 | -6.3298 2.073778 -3.05 0.002 -10.39433 -2.265271
6539 | -3.324514 1.864477 -1.78 0.075 -6.978821 .3297934
|
_cons | -22.57 3 3.439246 -6.56 0.000 -29.3138 -15.8322
In(openwk) | 1 (exposure)
eventrate
capacityr | .0003902 .006907 0.06 0.955 -.0131473 .0139276
soldhaty |
L1.| .0133218 .0031741 4.20 0.000 .0071007 .019543
vendor |
3| .4164862 .2307966 1.80 0.071 -.0358669 .8688393
4 | .1075211 .2144796 0.50 0.616 -.3128511 .5278934
|
week |
1] 0 (empty)
2| 0 (omitted)
3] -.3056056 .1535513 -1.99 0.047 -.6065606 -.0046505
4 | .2197407 .1185729 1.85 0.064 -.0126579 .4521394
5| .0598243 .1319394 0.45 0.650 -.1987722 3184208
6 | -.1388169 .1402351 -0.99 0.322 -.4136727 .1360389
7| -.8308943 .1548542 -5.37 0.000 -1.134403 -.5273857
8| 0 (omitted)

360



|
_cons | -10.05826 .3540676 -28.41 0.000
In(openwk) | 1 (exposure)
- +

Inalpha | -1.761846 .050425
+

Inalpha | 1.01437 .1028234 .8128398  1.2159
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, +

var(e.durrate)] 190.6538 35.85085

10.75222 - 9.364296

1.860678 - 1.663015

131.8816 275.6175

GSEM of isotonics category below

(Std. Err. adjusted for 248 clusters in storeupc)

soldwk
c.durratehati#c.eventratehati |

Robust
Coef. Std.Err.  z

P>|z|

|
|
+
|

-.0124763 .0025079

-4.97 0.000

[95% Conf. Interval]

.0173918 -.0075609

.0001305 .0006056
.3205162 -.2290367
.0356217 -.0023967

.2432578 .2388646
.2359578 .2040885
4236319 .1241604
.1093442 3966377
.0120001 .5080412
.0914927 421638

.6393083 -.301496
.6900237 -.3619018
.8902349 -.5453118
4667576 -.2853959
.2934199 -.1208762

-.014438 1295116
. 1524305 .0090793

.3363356 -.1671589
.2069583 -.013857
.8019475 -.5004851
4.233315 - 3.356752

- 11.4569 - 2.768946

7.701376  24.53452
28.69352 5.583922
48.46812 4438637
38.74616 7.010169

3.645295 .3996914

3.012953 -1.843719

-.341672 1.34541

.5824217 9552099

5.111876 6.809288

3.263607 6.870741

.5510316 12.22992

52.28074 -18.94487

durratehati | .0631585 .0060718 10.40 0.000 .0512581 .0750589
durratehat2i | .0002375 .0001878 1.27 0.206 -
regprice | -.2747764 .0233371 -11.77 0.000 -
percdisc | -.0190092 .0084759 -2.24 0.025 -
shelfno |
2 -.0021966 .1229927 -0.02 0.986 -
3] -.0159347 .1122588 -0.14 0.887 -
4| -.1497357 .1397455 -1.07 0.284 -
5| .1436468 .1290794 1.11 0.266 -
6 | .248020 6 .132666 1.87 0.062 -
7 | .1650726 .1309031 1.26 0.207 -
|
store |
6515 | - 4704022 .0861782 -5.46 0.000 -
6520 | -.5259628 .0837061 -6.28 0.000 -
6539 | -.7177733 .0879922 -8.16 0.000 -
week |
1] 0 (empty)
2| -.3760767 .0462666 -8.13 0.000 -
3] -.2071481 .0440171 -4.71 0.000 -
4| 0575368 .0367225 1.57 0.117
5] -.0716756 .0412022 -1.74 0.082 -
6 | -.2517473 .0431581 -5.83 0.000 -
7 -.1104077 .0492615 -2.24 0.025 -
8| 0 (omitted)
|
5.vendor | -.6512163 .0769051 -8.47 0.000 -
_cons | -3.795033 .2236171 -16.97 0.000 -
In( openwk) | 1 (exposure)
______________________________ +.
durrate
eventratehati | 31.02856 5.819949 5.33 0.000 19.62167 42.43545
eventratehat2i | -7.112925 2.216356 -3.21 0.001
casepack |
4 | 8.416574 8.223595 1.02 0.306 -
8| -11.5548 8.744407 -1.32 0.186 -
12 | -24.01213 12.47778 -1.92 0.054 -
15 | -15.86799 11.67275 -1.36 0.174 -
casepackic.capacityr |
3] -1.622802 1.031903 -157 0.116 -
4| -2.428336 .2982795 -8.14 0.000 -
8| 0 (omitted)
12 | 5018692 .4303861 1.17 0.244
15 | .1863941 .3922602 0.48 0.635 -
pingint |
1| .8487062 3.041169 0.28 0.780 -
2 | 10.58209 3.926377 2.70 0.007 2.886533 18.27765
3| 1.803567 2.58534 0.70 0.485 -
5.vendor | 5.839442 3.260506 1.79 0.073 -
store |
6515 | 7.876807 2.037996 3.86 0.000 3.882409 11.87121
6520 | 9.244153 3.124211 2.96 0.003 3.120811 15.36749
6539 | 7.556991 3.544003 2.13 0.033 .6108726 14.50311
|
_cons| -35.6128 8.504204 -4.19 0.000 -
In(openwk) | 1 (exposure)
______________________________ +.
eventrate

casepack#c.capacityr |

4| -.0268496 .0267203 -1.00 0.315 -
8 | -.1991695 .0437389 -4.55 0.000 -
12 | -.1746633 .0554144 -3.15 0.002 -
15 | -.1468822 .0525934 -2.79 0.005 -
|
capacityr | .1339041 .0800245 1.67 0.094
soldhati |
L1.| .0372405 .0072403 5.14 0.000 .0230498 .0514313
|
5.vendor | .8907706 .3216041 2.77 0.006 .2604382 1.521103
week |
1] 0 (empty)
2| 0 (omitted)
3] -.6494756 .1964653 -3.31 0.001
4| -.1904643 .169157 -1.13 0.260
5| -.056953 .1810418 -0.31 0.753 -

.0792205 .0255213

.2848962 -.1134429
.2832736 -.066053
.2499634 -.043801

-.022941 2907491

-1.03454 -.2644107
-.522006 .1410774
4117883 .2978824
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6 | -.405322 .1851956 -2.19 0.029 -.7682987 -.0423452
7 - 4415171 .1719652 -2.57 0.010 -.7785628 -.1044715
8 | 0 (omitted)
|
_cons | -11.02508 .5982408 -18.43 0.000 -12.19761 -9.852548
In(openwk) | 1 (exposure)
¥
-1.476521 -1.215486

Inalpha | -1.346003 .066592
+

Inalpha | .430998 3 .1960927
+.

0466637 .815333

var(e.durrate)] 310.8433 45.70905 233

.0095 414.6765

38 LS Of Overa” d ata beIOWee - stage least - squares regression

Equation Obs Parms RMSE "R -sq”
Sales 4,144 24 5316718 0.5162 4423.81 0.0000
Duration 4,144 20 6.682142 0.0 559

Frequency 4,144 16 2084855 0.0360 254.94 0.0000

| Coef. Std.Err. 2z P>

chi2 P

315.97 0.0000

|z]  [95% Conf. Interval]

Sales |
c.durratehattob#c.eventratehattob | -.0155254 .0015258 -10.18 0.000 -.0185158 -.0125349
durratehattob | .0890182 .0035437 25.12 0.000 .0820728 .0959637
durratehat2tob | .003295 .0003186 10.34 0.000 .0026706 .0039193
regprice | -.2283972 .0078348 -29.15 0.000 -.2437531 -.2130413
percdisc | -.0038958 .0030003 -1.30 0.194 -.0097764 .0019848
shelfno |
2| -.1420456 .0505781 -2.81 0.005 -.2411768 -.0429144
3] -.1723017 .0483488 -3.56 0.000 -.2670636 -.0775397
4| -.0796815 .0487783 -1.63 0.102 -.1752853 .0159223
5] -.2673021 .047369 -5.64 0.000 -.3601437 -.1744605
6 | -.2361926 .0491212 -4.81 0.000 -.3324685 -.1399167
7 | .0088085 .053207 2 017 0.869 -.0954756 .1130926
|
store |
6515 | -.2474233 .0266005 -9.30 0.000 -.2995593 -.1952873
6520 | -.0 545089 .0236277 -2.31 0.021 -.1008184 -.0081994
6539 | -.3933783 .0316297 -12.44 0.000 -.4553714 -.3313853
week |
3| .4159881 .0332153 12.52 0.000 .3508873 .4810888
4| .1670642 .0313146 5.34 0.000 .1056888 .2284397
5| .0775368 .0310192 2.50 0.012 . 0167403 .1383332
6 | .2208672 .0315531 7.00 0.000 .1590242 .2827102
7 | 6794686 .0370909 18.32 0.000 .6067717 .7521655
8| 3017665 .0321003 9.40 0.000 .2388512 .3646819
|
vendor |
2| -.150305 .0471246 -3.19 0.001 -.2426674 -.0579426
3| -1.050835 .0344197 -30.53 0.000 -1.118297 -.9833739
4| -.676149 .0289808 -23.33 0.000 -.7329503 -.6193477
5| -1.059674 .0335619 -31.57 0.000 -1.125454 -.9938941
|
_cons| 3.072414 0735519 41.77 0.000 2.928255 3.216573
Duration |
eventratehattob | .9040629 .1453879 6.22 0.000 .619108 1.189018
eventratehat2tob | .0478198 .0306015 1.56 0.118 -.012158 .1077976
casepack |
4| 1560266 2.212534 0.71 0.481 -2.776 222 5.896753
8| -1.804566 1.481137 -1.22 0.223 -4.70754 1.098409
12 | -1.805038 1.203716 -1.50 0.134 -4.164279 554202
15| 1. 568203 1.500104 1.05 0.296 -1.371947 4.508353
casepack#c.capacityr |
3| -.0242728 .1642494 -0.15 0.883 -.3461957  .29765
4 | -.0532545 2387119 -0.22 0.823 -.5211212 4146122
8| 0 (omitted)
12 | -.0292175 .0124455 -2.35 0.019 -.0536103 -.0048247
15 | -.1100899 .0482394 -2.28 0.022 -.2046374 -.0155424
pingint |
1] -.4247695 .5456164 -0.78 0.436 -1.494158 .644619
2 | .3092766 .5482344 0.56 0.573 -.7652432 1.383796
3 -.5867818 .3526966 -1.66 0.096 -1.278054 .1044908
|
vendor |
2] -1.641367 .9075356 -1.81 0.071 -3.420104 .1373699
3| .2491322 .4181822 0.60 0.551 -.5704898 1.068754
4| -.1742002 .3989341 -0.44 0.662 -.9560966 .6076962
5| -1.00841 .6852112 -1.47 0.141 -2.351399 .3345798
store |
6515 | .9431445 .2334189 4.04 0.000 .4856519 1.400637
6520 | .2517912 .3669885 0.69 0.493 -.4674929 9710754
6539 | 1.399242 .3664369 3.82 0.000 .6810394 2.117445
|
_cons| 5.861338 1.352043 4.34 0.000 3.211382 8.511295
Frequency |

casepack#c.capacityr |

4 | .0608583 .0210984 2.88
8 | -.1371298 .0309496
2| -.1274727 .0244421

5 | -.1001426 .0196999

0.004 .0195062 .1022104

-4.43 0.000 -.1977899 -.0764698
-5.22 0.000 -.1753783 -.0795671
-5.08 0.000 -.1387538 -.0615315
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|
capacityr | .0971081 .0254375 3.82 0.000 . 0472516 .1469645

soldwk
L1.] .0132419 .0016676 7.94 0.000 .0099735 .0165103
|

vendor |
2| -1.669743 .2480004 -6.73 0.000 -2.155815 -1.183672
3| .2024433 .1315274 1.54 0.124 -.0553457 4602322
4| -.3040025 .1228165 -2.48 0.013 -.5447183 -.0632866
5| -1.180368 .2028546 -5.82 0.000 -1.577956 -.7827802
week |
3 | .1787818 .1008221 1.77 0.076 -.0188258 .3763894
4 | .0413556 .0949851 0.44 0.663 -.1448118 .2275229
5| .0360902 .0943696 0.38 0.702 -.1488707 .2210512
6 | -.0851911 .0948015 -0.90 0.369 -.2709986 .1006165
7 | .1114438 .1013865 1.10 0.272 -.0872702 .3101577
8 | .168126 .0958074 1.75 0.079 -.0196531 .3559051

|
_cons| 1.664121 .1991809 8.35 0.000 1.273733 2.054508

Endogenous variables: ratsold durrate ratfrq

BSLS m0d6| Of yogurt CategomlOWThree-stage least - squares regression

Equation Obs Parms RMSE "R -sq" chi2 P
Sales 2,408 19 .5733566 0.4558 2019.05 0.0000
Duration 2,408 11 5.856693 0.0240 106.07 0.0000

Frequency 2,408 10 2222085 0.0090 71.55 0.0000

| Coef. Std.Er. z P>Jz] [95% Conf. Inte rval]
____________________________________ +.
Sales |
c.durratehatytob#c.eventratehatytob | -.038272 .0046214 -8.28 0.000 -.0473298 -.0292143
|
durratehatytob | .137383 .005661 24.27 0.000 .1262876 .1484783
durratehat2ytob | .0084605 .0011408 7.42 0.000 .0062245 .0106965
regprice | -.3794771 .0881427 -4.31 0.000 -.5522336 -.2067206
percdisc | .0071354 .0087005 0.82 0.412 -.0099173 .0241881
|
shelfno |
4 ] .0818151 .0356651 2.29 0.022 .0119128 .1517174
5| -.1396099 .0324888 -4.30 0.000 -.2032867 -.0759331
6| -.1782687 .0387615 -4.60 0.000 -.2542397 -.1022976
|
store |
6515 | -.211128 .0483496 -4.37 0.000 -.3058915 -.1163645
6520 | .0268053 .0700216 0.38 0.702 -.1104346 .1640451
6539 | -.5766393 .0373434 -15.44 0.000 -.649831 -.5034476
|
week |
3| .6122884 .0494961 12.37 0.000 .5152778 .709299
4| .1519197 .0445986 3.41 0.001 .0645081 .2393314
5| .123292 .0445965 2.76 0.006 .0358844 2106995
6 | .4165239 .0461 646 9.02 0.000 .3260431 .5070048
7| 1.27411 .068327 18.65 0.000 1.140192 1.408028
8 | .5275981 .0487541 10.82 0.000 .4320417 .6231544
|
vendor |
3| -1.162602 .0446226 -26.05 0.000 -1.250061 -1.075144
4| -.7138951 .0510323 -13.99 0.000 -.81 39166 -.6138736
|
_cons| 3.289359 .1150435 28.59 0.000 3.063878 3.51484
____________________________________ +.
Duration |
eventratehatytob | 1.018951 .188668 5.40 0.000 .6491686 1.388734
eventratehat2ytob | .0787645 .0450059 1.75 0.080 -.0094455 .1669745
12.casepack | 0 (omitted)
casepackic.capacityr |
12 | -.041056 .0112352 -3.65 0.000 -.0630767 -.0190354
pingint |
1] -1.251655 .6276571 -1.99 0.046 -2.48184 -.0214697
2| -.1878627 .6307011 -0.30 0.766 -1.424014 1.048289
3 -.7978674 .4098833 -1.95 0.052 -1.601224 .005489
vendor |
3| .1742404 3674657 0.47 0.635 -.5459791 .8944598
4| -.3778871 .3511504 -1.08 0.282 -1.066129 .310355
|
store |
6515 | 1.015096 .2785356 3.64 0.000 .4691765 1.561016
6520 | -.1833323 421044 -0.44 0.663 -1.008563 .6418987
6539 | .1478079 .4206899 0.35 0.725 -.6767292 972345
|
_cons| 5.288707 .7050983 7.50 0.000 3.90674 6.6 70674
Frequency |
casepack#c.capacityr |
12 | 0 (omitted)
capacityr | -.0305332 .0044819 -6.81 0.000 -.0393176 -.0217488
soldwk |
L1.| .0134669 . 0019812 6.80 0.000 .0095838 .01735
|
vendor |
3| .205869 .1407614 1.46 0.144 -.0700183 .4817562
4| -.3039151 .1321128 -2.30 0.021 -.5628514 -.0449788
week |
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|
cons| 1.709608 .2255545 7.58 0.000 1.26753 2

3| .0689278 .1409221 0.49 0.625 -.2072744 3451299
4 | 0765051 .1341228 0.57 0.568 -.1863709 .339381
5| .0414562 .1324574 0.31 0.754 -.2181555 .301068
6 | .0137861 .133057 0.10 0.917 -.2470009 274573
7 -.1349018 .1472284 -0.92 0.360 -.4234642 .1536606
8 | .0430276 .13493 0.32 0.750 -.2214304 3074856

.151687

BSLS m0d6| Of yogurt CategomlOWThree-stage least - squares regression

Equation Obs Parms RMSE "R -sq" chi2 P
Sales 1,736 21 .3545712 0.5019 1778.57 0.0000
Duration 1,736 17 7.688901 0.0725 216.16 0.0000
Frequency 1,736 13 1.861855 0.0971 253.01 0.0000
|  Coef. Std. Err .z P>Jz| [95% Conf. Interval]
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, +
Sales |
c.durratehatitob#c.eventratehatitob | -.007 .0008325 -841 0. 000 -.0086316 -.0053684
durratehatitob | .0293583 .0020781 14.13 0.000 .0252854 .0334313
durratehat2itob | .0008158 .0001291 6.32 0.000 .0005628 .0010688
regprice | -.114067 . 0059714 -19.10 0.000 -.1257708 -.1023632
percdisc | -.0042301 .0021683 -1.95 0.051 -.0084798 .0000196
shelfno |
2] -.0628825 .0335115 -1.88 0.061 -.1285638 .0027989
3 -.0018555 .0364846 -0.05 0.959 -.0733639 .0696529
4| -.0505452 .0387365 -1.30 0.192 -.1264674 .025377
5| .1505467 .0361948 4.16 0.000 .0796063 .2214872
6 | .2691815 .0385856 6.98 0.000 .1935552 .3448079
7 | .2298183 .0362604 6.34 0.000 .1587492 .3008874
store |
6515 | -.3662353 .0354877 -10.32 0.000 -.4357901 -.2966806
6520 | -.2185752 .0345319 -6.33 0.000 -.2862566 -.1508939
6539 | -.2475886 .0358757 -6.90 0.000 -.3179038 -.1772734
|
week |
3 | .2820107 .0342846 8.23 0.000 .2148141 .3492073
4| .1811149 .0322494 5.62 0.000 .1179072 .2443227
5 | .0577984 .0317951 1.82 0.069 -.0045189 .1201156
6 | .0530624 .031942 1.66 0.097 -.0095429 .1156676
7 | .3221233 .0334887 9.62 0.000 .2564 868 .3877599
8 | .1744754 031991 545 0.000 .1117742 .2371767
|
5.vendor | -.6188997 .0295688 -20.93 0.000 -.6768534 -.56094 6
_cons| 1794211 .0747053 24.02 0.000 1.647791 1.94063
Duration |
eventratehatitob | 1.27102 .264899 4.80 0.000 .7518272 1.790212
eventratehat2itob | .091128 .0452887 2.01 0.044 .0023639 .1798921
|
casepack |
4| .8750119 2.458627 0.36 0.722 - 3.943808 5.693832
8| -.1722104 1.772388 -0.10 0.923 -3.646027 3.301606
12 | -2.526931 2.599635 -0.97 0.331 -7.622122 2.568261
15| 3. 414562 1.658986 2.06 0.040 .1630098 6.666115
casepack#c.capacityr |
3| .1359556 .2000643 0.68 0.497 -.2561632 5280744
4 | .1310574 .2726617 0.48 0.631 -.4033497 .6654644
8 | 0 (omitted)
12 | .0885588 .1060755 0.83 0.404 -.1193454 296463
15 | -.1286785 .060439 -2.13 0.033 -.2471367 -.0102202
pingint |
1| 1.166486 .9400402 1.24 0.215 -.675958 5 3.008932
2 | .5069073 .9475194 0.53 0.593 -1.350197 2.364011
3| .0758145 .6099878 0.12 0.901 -1.11974 1.271369
|
store |
6515 | - 4239262 .3988043 -1.06 0.288 -1.205568 .3577159
6520 | -.1387679 .6284708 -0.22 0.825 -1.370548 1.093012
6539 | 2.139641 .6295139 3.40 0.001 .9058167 3.373466
|
5.vendor | .3378963 .6379194 0.53 0.596 -.9124027 1.588195
_cons| 3.240858 1.753155 1.85 0.065 -.1952621 6.676978
Frequency |
casepackic.capacityr |
4| .027961 .0194482 1.44 0.151 -.0101568 .0660789
8| -.1383095 .0285239 -4.85 0.000 -.1942153 -.0824037
12 | -.134534 .0268429 -5.01 0.000 -.1871452 -.0819228
15 | -.1120758 .0257752 -4.35 0.000 -.1625943 -.0615572
|
capacityr | .1032825 .0355349 2.91 0.004 .0336353 .1729297
soldwk |
L1.| .0238002 .0034344 6.93 0.000 .0170688 .0305316
|
5.vendor | .5351283 .1213183 4.41 0.000 .2973487 .7729078
|
week |
3| .2537189 .1360028 1.87 0.062 -.0128416 .5202794
4| -.036342 127832 -0.28 0.776 -.2868881 .2142041
5| .026783 .1275816 0.21 0.834 -.2232724 2768384
6 | -.2006957 .1274064 -1.58 0.115 -.4504077 .0490163
7 | .4582082 .1297495 3.53 0.000 .203904 .7125125
8 | .3968424 .1293148 3.07 0.002 .1433901 .6502947
|
_cons| -.1961274 .3106033 -0.63 0.5 28 -.8048987 .4126439
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V.  Stockout duration (daily item stockout duration in minutes)

compared over groups
Appendices IV thru VIl are Bonferroworrected (5%) pairwise comparisons of means.
This specific set of tests shewhat the Isotonics product category has significantly
different SHO duration in all but two stores. Store 6515 and 6520 have mean SHO
durations that do not differ from one another. In the yogurt product category, only store
6539 has a significantly diffent mean SHO duration and is much larger than the other
three stores.

Pairwise comparisons of means with equal variances

OVEYr : yogurt store
Number of
Comparisons
yogurt#store 28
Bonferroni
S0weelkmin Mean S5td. Err. Groups
yogurt#store
0 6504 177.8679 17.23585 i)
0 6515 331.5939 17.4352 BC
0 6520 382.2758 18.71875 C
0 6539 537.3191 17.859341
1 6504 170.7%61 27.7072% i\
1 6515 258.537 26.8416%9 LB
1 6520 253.615¢6 2B8.43977 LB
1 6539 697.4373 2B8.13%87

Note: Means sharing a letter in the group label
are not significantly different at the 5%
level.

365



VI.  Stockout fregency (number of stockout evertta¥) compared
over groups
Appendices IV thru VIl are Bonferroworrected (5%) pairwise comparisons of means.
This specific set ofests shows that the Isotonics product category has significantly
different mean SHO frequencies for all but two stores. Store 6515 and 6520 have mean
SHO frequencies that do not significantly differ from one another. For Yogurt, stores
6504 and 6520 hawagnificantly different mean SHO frequency, while the other stores
have greater mean SHO frequencies.

Pairwise comparisons of means with equal wvariances

over yogurt store
Number of
Comparisons
yogurt#store 28
Bonferroni
soskuweek Mean Std. Err. Groups
yogurt#store
0 6504 .3%48404 .02%3081
0 6515 .8577181 .02%6471 B
0 6520 .85954327 .03182%57 B
0 6539 1.235627 .0304263
1 6504 .601125%9 .047114 L
1 6515 .9247084 .0456421 B
1 6520 .6547619 .0483585 L
1 6539 2.212121 .04784585

Note: Means sharing a letter in the group label
are not significantly different at the 5%

level.
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VII. Dalily item sales (number units saldd) compared over groups
Appendices IV thru VII are Bonferroworrected (5%) pairwise comparisons of means.
This specific set of tests shows that for the Isotonics product category the number of units
sold per day is not significantly different between stores 6504 and 6520. For Yogurt, each
store has a significantly different mean daily sales.

Pairwise comparisons of means with equal variances

OVEYr : yogurt store
Number of
Comparisons
yogurt#store 28
Bonferroni
sumSKUwksold Mean S5td. Err. Groups
yogurt#store
0 6504 12.82503 .337548 i\
0 6515 21.0791% .3418568
0 6520 13.875%83 .3670237 i\
0 6539 18.31008 .350841
1 6504 27.10%¢6 .5432645
1 6515 57.55992 .52625925
1 6520 32.73929 .5576264
1 6539 47.52098 .5517462

Note: Means sharing a letter in the group label
are not significantly different at the 5%
level.
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VIIl. Weekly categoryaes (number units soltily) compared over
groups

Appendices IV thru VIl are Bonferroworrected (5%) pairwise comparisons of means.

This specific set of tests shows that the mean weekly sales of the Isotonics product
category has two stores (6515 and®58here they are not significantly different from
one another. Yogurtodés weekly category

Pairwise comparisons of means with equal wvariances

over : yogurt store
Number of
Comparisons
yogurt#store 28
Bonferroni
catsales Mean S5td. Err. Groups
yogurt#store
0 6504 1538.725 18.78374
0 6515 1869.013 1%.001 i)
0 6520 1257.536 20.39982
0 6539 1896.957 1%.50035 i)
1 6504 6205.459 30.19559
1 6515 12185.83 29.25225
1 8520 T7642.076 30.99385
1 6539 85295.381 30.66702

Note: Means sharing a letter in the group label
are not significantly different at the 5%
level.
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Weeks during which each category was tracked

IX.

week Isotonics Yogurt Total
1 62 8 70
2 147 152 2585
3 200 267 487
4 200 266 466
5 200 264 464
4 200 264 454
7 200 264 454
8 200 257 457
9 200 256 456
10 201 258 457
11 201 258 457
12 201 252 453
13 200 243 443
14 200 237 437
15 200 233 433
16 200 225 425
17 200 221 421
18 200 220 420
19 200 209 409
20 200 le2 362
21 155 138 338
22 199 126 325
23 198 Be 284
24 198 34 232
25 198 29 227
26 198 3 201
27 158 0 198
28 197 0 197
29 195 0 195
30 154 0 154
31 193 0 193
32 152 0 152
33 191 0 191
34 150 0 150
35 189 0 189
36 188 0 188
37 185 0 185
38 185 0 185
39 172 0 172
40 170 0 170
41 le6 0 le6
42 165 0 165
43 154 0 154
44 152 0 152
45 145 0 145
46 135 0 135
47 127 0 127
43 105 0 105
49 91 0 91
50 65 0 65
51 53 0 53
52 43 0 43
53 26 0 26
Total 59,068 4,529 13,997

This table lists the number of
unique items (SKUSs) that are
trackedby the shelf liner
technology on a weekly basis |
product category. While there
are more Yogurt items that are
tracked (267 unique items,
maximum) than Isotonics itemg
(201 items, maximum), the
Isotonics product category is
tracked for a longer period of
time than the Yogurt category.
The data is unbalanced becaus
of these differences.
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Case packsize (units)

X.

12

15

Capacity and case pack size combinations, shared and excess space

combinations
Dedicated space (units)

4 7 8 10 11 16 18 24 30 36 48 54 72

170 2,134 325

1,444 50

200

2,904 1,155 557 1,971 18 426 71

505 179

This table above provides the combinations of dedicated space (shelf space that is set

aside for one specific item) and case pack size for all of the items in this study sample.

Shelf height and depth within the standasshlf foot panels tend to vary @dimensions

very little

if at all. Similarly, items within a product category usually have items varying

in dimension very little or in multiples (for example, one item offered as a single package

and another item offered with 6 of the same single paelset®ie consumer unit. i.e. six

pack of drinks, etc.). This is why studies simulating all combination within an observed

range of case pack size or shelf capacity may yield unrealistic functional estimates.
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Excess dedicated space in units

0| 4,888
Units of case pacl
1 325
in shared space
2 2,304
6 200 3,887 505

The table above shows how case packs can be split between shared and dedicated (shelf)
space. In the case of (0,0), the shelf capacity is an exact multiple of case pack size. In this
study sample, 40.37% of the observations consist of items that arestypdned. These

are 62 unique items out of the total 102 items, or 60.78% of the items in the study

sample, as opposed to the often cited Gruen & Corsten (2008) figure of 91% of items

being an exact multiple of case pack size.
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Xl.  Testing for whether randoeffects is appropriaté€Ch 4)
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. xtreg soldwk c.durratehat#c.eventratehat durratehat durratehat2 regprice percdisc i.shelfno i.store i.week i.vendor, re

Random-effects GLS regression

Number of obs

4,144

Group variable: storeupc Number of groups 592
R—sq: Obs per group:
within = 0.1936 min = 7
between = 0.5109 avg = 7.0
overall = 0.4453 max = 7
Wald chiz(24) = 1584.90
corriu i, X) = 0 (assumed) Prob > chiz2 = 0.0000
soldwk Coef. Std. Err. z Px|z| [95% Conf. Interval]
c.durratehat#c.eventratehat -.1821025 .0802338 -2.27 0.023 -.335358 -.024847
durratehat .842215 .1642551 5.13 0.000 .520281 1.164149
durratchat2 .0263798 .0085267 3.08 0.002 . 0096678 .0430917
regprice -3.343056 . 4649158 -7.1% 0.000 -4.254274 -2.431838
percdisc 0796464 .0654617 1.22 0.224 -.0486561 .2079489
shelfno
2 .57359828 3.269215 0.1 0.861 -5.8335851 6.981137
3 3.3869585 3.08281 1.08 0.275 -2.675212 9.409181
4 6.60953 3.106%976 2.13 0.033 .5199685 12.69909
5 -1.852992 3.044276 -0.61 0.543 -7.815664 4.113681
€ -.6361054 3.161275 -0.20 0.841 -6.832081 5.55988
7 1.100863 3.443391 0.32 0.749 -5.648058 7.849784
store
6515 1.56941¢6 8.80 0.000 10.73321
8520 1.5103391 1.94 0.052 -.0315397
6539 1.6850744 4.62 0.000 4.391771
week
3 -4.21169 .B692962 -6.29 0.000 -5.523486 -2.899893
4 3.124541 60711638 5.15 0.000 1.934614 4.314468
5 3.530507 5915656 6.64 0.000 2.771059 5.0859954
& -.3817448 .8231078 -0.83 0.530 -1.613014 .8295241
7 -8.338811 .833182 -10.01 0.000 -9.871817 -6.705804
8 -1.045142 . 6590106 -1.58 0.113 -2.336779 .24€4947
vendor
2 2.619517 -9.39 0.000 -29.72843 -15.46011
3 2.15836 -10.65 0.000 -27.21852 -18.7589
4 1.793555 -9.91 0.000 -14.25527
5 2.08629 -13.52 0.000 -24.11178
_cons 51.88196 4.015371 12.92 0.000 44.01187 558.,75194
sigma u 11.850863
sigma_e 9.7713146
rho .5993374 (fraction of variance due to u i)

end of do-file

- XttestO

Breusch and Pagan Lagrangian multiplier test for random effects

soldwk([storeupc, t]

Estimated results:

Var s8d = sqgrt (Var)
soldwk 531.57&7 23.055%5
e 95.47359 8.771315
u 142.8231 11.95086
Test: Var(u) = 0
chibar2 (0l) = 3820.5%9
Frob » chibar2 = 0.0000

= Xb + u[storeupc] + e[storeupc,t]

Panel data can be studied with
fixed effects or random effects
models. The antecedents to
SHO in Chapter 4 (case pack
size and shelf capacity) do not
vary over time. Additionally,
the hypotheses include
endogenous regressaand
different dependent variable
distributions (discrete and
continuous). As such, GSEM is
used as the primary
specification (followed by a
transformation of the discrete
variable to be able to use 3SLS
as an alternate specification). |
the GSEM the ears are
clustered by item (UPC) group{
to account for random effects.
However, traditionally a panel
data regression is first run as a
random effects model and ther
the Breusch and Pagan
Lagrangian (BPL) multiplier
test shows if a random effects
model is ppropriate. Below the
si gni =382@ p<0.01] 6
BPL test result after a random
effects model on the
transformed dependent
variables and fitted endogenou
regressors shows that there is
panel effect. There is a
significant difference across
items so lhat having robust
errors clustered by item is
appropriate.

Panel data can be studied with
fixed effects or random effects
models. The antecedents to
SHO in Chapter 4 (case pack
size and shelf capacity) do not
vary over time. Additionally,
the hypotheses include
endogenous regressand
different dependent variable
distributions (discrete and




XIl.  Centered variables for quadratic relationship
A comparison of using centered (demeaned) frequency variables. Columns 1, 4, and 7 do
not have centering. Columns 2, 5, and 8 have both frequengyedidted frequency
squared centered. When generating the frequency squared term, since the frequency is
estimated with a negative binomial, it cannot be centered. For columns 3, 6, and 9 only
the squared term is centered. The squared term is centefiest bgntering the predicted
linear term and then squaring it. Since they worsen fit (higher AIC scores) and do not
gualitatively change the results (all coefficients have the same sign and significance)

centered terms are not included in the final model

(D (2) (3) (4) (5) (6) (7) (8) (9)
1Al 4 AC 7 A2 2 Yogurt 5 YC 8 Y& 3 Isoton~s 6 1C 9 12
Lagged weekly sal es
Duration -0.002 -0.003 -0.002 -0.007 -0.008 -0.007 0.008 0.004 0. 008
(0. 004) (0. 004) (0.004) (0. 004) (0. 004) (0.004) (0. 006) (0.005) (0. 006)
Frequency 0. 139*** 0. 143*** 0. 095*** 0.106*** 0.213*** 0.215***
(0.015) (0.016) (0.014) (0. 015) (0.030) (0.030)
Duration # Frequency -0.002%* -0.002** -0.000 -0.000 -0.006*** -0.006***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Frequency squared 0. 039***
(0.008)
Centered frequency 0. 143*** 0. 106*** 0.215%**
(0.016) (0.015) (0.030)
Duration # Centered -0.002** -0.000 -0.006***
frequency (0.001) (0.001) (0.001)
Centered frequency squared 0.041*** 0.041***
(0.007) (0. 007)
Frequency squar ed 0. 109***
(0.024)
Centered frequency squared 0. 122%** 0. 122***
(0.028) (0.028)
Frequency squar ed 0. 030**
(0. 009)
Centered frequency squared 0. 029** 0.029**
(0.009) (0. 009)
I'tem shel f capacity
Shi ppi ng box si ze 1.483*%** 1.483*** 1.483%** 1.226*** 1.226%** 1.226%**
(0.113) (0.113) (0.113) (0.088) (0.088) (0.088)
Duration
Shi ppi ng box si ze -0.107 -0.108 -0.108 0.030 0.035 0. 035
(0.067) (0.067) (0.067) (0. 055) (0.053) (0.053)
Frequency 8. 265%** 8. 253*** 6.911*** 6. 890*** 10. 270*** 10. 265***
(0.471) (0. 470) (0.635) (0. 630) (0.509) (0.507)
Frequency squar ed -0.288***
(0.087)
Centered frequency 8.253*** 6.890*** 10. 265***
(0. 470) (0. 630) (0.507)
Centered frequency squared -0.350%** -0.350%**
(0.094) (0.094)
Frequency squar ed -0.584**
(0.227)
Centered frequency squared -0.815** -0.815**
(0.309) (0.309)
Frequency squar ed -0.214
(0.312)
Centered frequency squared -0.289 -0.289
(0. 424) (0. 424)
L. sol dwk
Item shel f capacity 0. 029*** 0. 029*** 0. 029*** 0.019*** 0.019*** 0.019*** 0.048*** 0. 048*** 0.048***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.007) (0.007) (0.007)
Frequency
L. Lagged weekly sal es 0.014*** 0.014*** 0.014%** 0.013*** 0.013*** 0.013*** 0. 029*** 0.029*** 0. 029***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0. 005) (0.005) (0. 005)
Item shel f capacity -0.018** -0.018** -0.018** -0.004 -0.004 -0.004 -0.102*** -0.102*** -0.102%**
(0. 0086) (0. 006) (0. 006) (0. 0086) (0. 006) (0. 006) (0.019) (0.019) (0.019)
Cbser vat i ons 4736. 000 4736. 000 4736. 000 2752. 000 2752. 000 2752. 000 1984. 000 1984. 000 1984. 000
AC 144718.91 144771.6 144771. 6 72432.514 72539. 483 72539. 483 53528. 557 53539. 56 53539. 56
BIC 145087.3 145139. 99 145139. 99 72710. 758 72817.727 72817.727 53830. 572 53841.575 53841. 575
Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001
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XIll. Goodness of fit of dependent variable data in Chapter 4

There are multiple approaches to see what distribution observed data takes on: graphical
approach, least squares comparisons anégs@lare or Kolmogore®mirnov (KS) tests.

While the KS test ipreferred over the Claquare test when desiring a more conservative
(higher) p value, the KS test gives valid values for discrete distributions. Even if testing a
discrete distribution, if the sample size is less than 20 observations Chi square must be
used instead of the KS test. In contrast, least squares comparison is an approach where
observed data is compared against several theoretical distributions where test results are
listed in ascending order of least square error. In this approach the distriviih the

smallest least square error may still not be a good fit of the observed data. Last of all, the
least statistically robust is the graphical approach. In the graphical approach the observed
data is superimposed on a graph of a single theordigtabution. The observed data

may be displayed as a histogram along with the theoretical distribution, or as points on a
Q-Q (or RP) plot where the quality of fit is as good as the proximity of graph points to a
45-degree reference line.

After obtainng at least two possible theoretical distributions that may fit the observed
data, the next step is running the econometric model assuming each distribution and
comparing how tightly the models fit the observed data. The lower the AIC and BIC
scores, theighter the model fits observed data.

The following pages of this appendix section provides the various commands and outputs
obtained from the fitting process described above of the following variables: Shelf
capacity, SHO frequency, SHO duration, and Taotkly item sales. Discrete variables

are presented with-P plots instead of € plots.

Shelf Capacity

Shelf capacity has integer valwues calcul at
depth for a volumetric measure of the number of units wittiefto the dedicated space

of each item. In the models in Chapter 4, the best fit is assuming a negative binomial
distribution of the observed data.
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Descriptive statistics and histogram

Descriptive statistics and histogram of shelf capazityovi d e d
Analyzer software:

Data Sussazy

Hosber of Data Pointa = 4T3
Min Data Valus =4
Max Data Valus = 72
Sample Eeas = 8.5
Fazple Ftd Dev = 14

Eiatogran Summary

r".ﬁll'l of Intervals = g5

Descriptive statistics of shelf capacity provided by EasyFit

Descriptive Statistics

Statistic Value
Sample Size 4736
Range 2]
Mean 26,231
Vanance 201.73
Std. Deviation 14,203
Coef. of Vanation 0.53941
Std. Emror 3.9393
Skewness 0.58653

Excess Kurtosis -0.015%6

Himtograz Racge = 3.5 B0 T2.%

Percentile
Min
%
10%
25% (Q1)
50% (Median)
75% (Q3)
0
35%
Max

by ARENAOGS

There are slight differences in the mean and standard deviation between ARENA and
EasyFit due to rounding.
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Least squares comparison approach

Function 31 Errar  The least of the square errors for the capacity data appears
. to be a threavay tie between Beta, Erlang, and Gamma
Beta 0.185 . . .
o e .16z distribution® all 3 of which are closely related to one
Gamma 0.185 another.
Hormal 0.166
Weibull 0.187 .
S A These statistics are comparable to the sum of squares due to
Exponential 0.17 error statistts measuring the random error component of an
Iriangular 0.171 econometric model.
Uniform 0.171
Poisson 0.2
Graphical approach and Ckgquare test ARENA
shows that
I the
_ distribution
with the
lowest
square error
(Beta) is
still
significantly
different
than the
] I observed
data.
Here the
graphcal
ﬂ_ﬂ h\H\_ approach
( g shows the
Beta
distribution

Distribution:
Expression:
Sgquare Error:

Chi Square Test

Test Statistic

Beta
3.5 + 69 ¥ BETA({l.46, 2.92)
0.164752

NHumber of intervals
Degrees of freedom

Corresponding p-value

Distribution Summary

LA =]
(=T

3.93e+004
0.005
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underestimates the midnge observed values. &yguare has a significant p value
showing the observed data does not fit the Beta distribution. Similarly, the observed data
also does not fit the gamma distributiainb% (below).

o ,K““‘“ | — i

Distribution Summary

Distribution: Gamma
Expression: 3.5 + GAMM({l0.5, 2.19)
Square Error: 0.165385

Chi Sguare Test
Humber of intervals =
Degrees of freedom =
Test Statistic = 4,41e+004
Corresponding p-value < 0.005

(=i =]

3
2

In comparison, EasyFit attempts to fit only discrete distributions to the shelf capacity data
since it takes on only integer values.
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Probability Density Function

004
002 \I\
——
1 | 11 ! |

8 16 24 32 40 48 56 64 72
Number of units.

= Shelf capacily data == Neg. Binomial

A histogram (above) of shelf capacity data with a negative binomial curveisuypesed
in purple. Tke histogram (below) has a blue curve for the Poisson distribution.

Probability Density Function

006
004
|

8 16 24 32 40 48 56 64 72
Number of units.

= Shelf capacity data == Poisson

Instead of QQ plots, since shelf capacity carries integer valuesPg®t can compare
the observed data to negative binomial (top) and Poisson (bottom) distributions.
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P-P Plot
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The graph poits should fall along the diagonal line and for shelf capacity the Poisson

graphés data points

ar e

further

away

from

binomial. In both cases the data appears to fit the theoretical distributions better at the

ends ofthe reference lines. In contrast, a fimear plot is acceptable if the graph points

are further away from the reference line ends and are on or very close to being on the

reference line in the middle range.
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EasyFit provides the below test resultstfa binomial and the Poisson distributions. The
test statistic is larger than the critical values (at every level of alpha) meaning that there
are enough observations which show that the data does not fit the negative binomial and
Poisson distributions.

Neg. Binomial [#4]
Kolmogorov-Smirnov

Sample Size | 4736

Statistic 0.33976

P-Value 0

Rank 3

oL 0.2 0.1 0.05 0.02 0.01

Critical Value | 0.01559 | 0.01777 | 0.01973 | 0.02206 | 0.02367
Reject? Yes Yes Yes Yes Yes
Anderson-Darling

Sample Size | 4736

Statistic 784.85
Rank 2
oL 0.2 0.1 0.05 0.02 0.01

Critical Value | 1.3749 1.9286 2.5018 3.2892 3.9074

Reject? Yes Yes Yes Yes Yes

Poisson [#5]
Kolmogorov-Smirnov
Sample Size 4736

Statistic 0.38872

P-Value 0

Rank 4

oL 0.2 0.1 0.05 0.02 0.01

Critical Value | 0.01559 | 0.01777 | 0.01973 | 0.02206 0.02267
Reject? Yes Yes Yes Yes Yes
Anderson-Darling

Sample Size | 4736

Statistic 3585.2
Rank 5
o 0.2 0.1 0.05 0.02 0.01

Critical Value 1.3749 1.9286 2.5018 3.2892 3.9074

Reject? Yes Yes Yes Yeas Yes
Comparing models with different distribution assumptions

Despite both software packages showing a significant difference between tested
distributions and observed data, the shelf capacity equation is run in Stata assuming a

negative binomial and also assing a gamma distribution
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The Stata code assuming the data follows a negative binomial distribution is:

nbreg capacityr i.casepack propCAT SKUsd, exposure(openwk) vce(cluster UPC).

The Stata output is as below.

Negative binomial regression Humker of obs 4,736
Wald chiz(6) 2130.44
Dispersion = mean Prob > chiZz 0.0000
Log pseudolikelihood = -1699%6.327 Pseudo R2 0.1175
(Std. Err. adjusted for 148 clusters in UPC)
Robust

capacityr Coef. Std. Err. z P=|=z| [25% Conf. Imtervall]

casepack
4 .1064685 0574247 1.85 0.064 -.0060818 .2190188
it .31859543 0451607 7.06 0.000 230441 4074677
12 1.423839 0706711 20.15 0.000 1.285326 1.562351
15 1.079087 .0700718 15.40 0.000 . 9417487 1.216425
proplCAT 0009437 .0267986 0.04 0.972 -.0515806 .053468
SEUsd 012269 0041157 2.98 0.003 0042024 0203355
_cons -T7.004533 .0482834 -145.07 0.000 -7.099167 -6.,9099

1n (openwWwk) 1 (exposure)

f1lnalpha -2.217532 0802041 -2.374725% -2.060335
alpha 1088775 0087324 .0930397 .1274113

The Stata code for gamma and its output are below. The parameter estimates from each

are the same in terms of sign and significance. However the AIC and BIC values differ.

Each

mo d e |

each model is run.

glm capacityr i.casepack propCAT SKUsd, family(nbinomial 1) exposure(openwk)

vce(cluster UPC)

0s

Al C

and

BI C

stat

i estat icafter

ar e
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Generalized linear models Ho. of obs = 4,736

Cptimization : ML Residual df = 4,729
Scale parameter = 1
Deviance = (41.2805594 (1/df) Deviance = 135606
Pearson = 6B65.5509721 (1/df) Pearson = .1407382
Variance function: Vi{n} = ao+({l)u"2 [Neg. Binomial]
Link function : gin) = ln{a) [Log]
AIC = 8.389199
Log pseudolikelihood = -19858.62219 BIC = -35380

[Std. Err. adjusted for 148 clusters in UPC)

Robust

capacityr Coef. 5td. Err. z Bx>|z| [95% Conf. Interwvall]

casepack
4 .1101054 .0584465 1.88 0.060 -.0044476 .2246584
8 . 3173361 .D45368859 6.99 0.000 . 2284148 4062574
12 1.415993 .07077T78 20.01 0.000 1.27727 1.554715
15 1.075854 0678581 15.85 0.000 .9428546 1.208853
proplaT -.0003024 0259444 -0.01 0.991 -.0511525 .0505478
SEU=d 0119627 0041067 2,91 0.004 .0039138 .0200116
_cons -6,985213 .0488209 -143.08 0O.000 -7.080901 -6.889526

1n (openwk) 1 [exposure)

Akaike's information criterion and Bayesian information criterion

Model Obs 11{mull) 11 {model) df LIC BIC

4,736 -19267.26 -16996.33 8 34008. 65 34060.36

The above are the statistics for the negative binomial assumption while the bottom AIC
and BIC values assume gamma distribution of dfadfcity values. Negative binomial

has a better fit (34,008.65<39,731.24). This process is repeated for the Yogurt and
Isotonics subsets with similar results.

Model Obs 11 (null) 11 (model) df AIC BIC

4,736 . -19858.6&2 7 39731.24 39776.49
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SHO Frequency

DescriptiveStatistics and least square error approach

Descriptive Statistics EasyFit shows half of thdata set has a weekly item
statistic Vot vercenticvame | SHO frequency of 0, while the most frequently SHO
samplesize | 4736 win 0 item had a total of 9 SHOs per week. There is
zae”agne 36231 jz; 2 overdispersion where the variance is greater than the
Variance 1.5431 25% (Q1) 0 mean
Std. Deviation 1.2422 50% (Median) 0
Coef. of Variation = 1.9938 75% (Q3) 1
Std. Error 0.39283 90% 2
Skewness 2.5742 95% 3
Excess Kurtosis 7.6844 Max 9
— ARENAGs histogram show t
of zeroes in the data set.d Hescriptive
stats match the summary from EasyFit.
Functicn S5q Error
Beta 0.0103
Weibull 0.0186
Lognormal 0.0287
Exponential 0.0294
I ey Gamma 0.0575
Poisson 0.0766
Erlang 0.0801
Data Summary Normal 0.228
Number of Data Points = 4736 Tr:iang'ular: I:I - SE
Min Data Value =0 Uniform 0.43
Max Data Value =9
Sample Mean = 0.623
Sample 5td Dev =1.24
Histogram Summary
Histogram Range = -0.5 to 9.5
Number of Intervals =10

Comparison (from ARENA, above) of square errors between theoretical and empirical
distributions show those with the least error are Beta and Weibull.
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Graphical approach and Chi square

As the distribution with least error, the

Distribution Summary Chi square test still has a p value less
Distributi 5 than 0.05, showing there is observed
1s3tribution: eta H
Expression: “0.5 + 10 * BETA(0.613, 4,55 datathatdoes notfit the beta
Square Error: 0.010275 distribution.

Chi Square Tesat
Humber of intervals
Degrees of freedom 4
Test Statistic 243
Corresponding p-value < 0.005

7

EasyFit produces graphs for Poisson and geometric distributions below.

Probability Density Function

008 ‘ |
Il
1

4 5 6 7 8 9
Total item SHO events per week

= SHO Frequency ™= Poisson
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Probability Density Function

4 5
Total item SHO events per week

= SHO Frequency = Geomelric

Theprobability plots for Poisson and geometric distributions do not greatly differ in
appears. Both show the greatest error at the lower bound (zero) of the data set.

08

P-P Plot
L] _—
—
—
—
-
P (Empirical)
Wroisson
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P-P Plot

08 _—

o¢ P (Empirical) o !
W Geomerric
Poisson [#3] Geometric [#2]
Kolmogorov-Smirnov Kolmogorov-Smirnov
Sample Size | 4736 Sample Size | 4736
Statistic 0.53628 Statistic 0.61611
P-Value 0 P-Value 0
Rank 2 Rank 3
o 0.2 0.1 0.05 0.02 0.01 o 0.2 0.1 0.05 0.02 0.01

Critical value | 0.01559 | 0.01777 | 0.01973 | 0.02206 0.02367 Critical value | 0.01559 | 0.01777 0.01973 | 0.02206 | 0.02367

Reject? Yes Yes Yes Yes Yes Reject? Yes Yes Yes Yas Yas
Anderson-Darling Anderson-Darling

Sample Size | 4736 Sample Size | 4736

Statistic 1345.6 Statistic 1698.2

Rank 1 Rank 2

oL 0.2 0.1 0.03 0.02 0.01 oL 0.2 0.1 0.05 0.02 0.01

Critical value | 1.3749 1.9286 2.5018 3.2892 3.9074 Critical value = 1.3749 1.9286 2.5018 3.2892 3.9074

Reject? Yes Yes Yes Yes Yes Reject? Yes Yes Yes Yes Yes

The test statistics for Poisson and geometric are both greater than the critieslatalll
levels of alpha shown above. The observed data has evidence to reject the null hypothesis
that it fits either distribution.

Comparing SHO frequency models assuming different distributions

No model is fitted with the beta, gamma or geometricibistions because of the
characteristics of the data set. Beta is a continuous distribution and the discrete SHO
frequency could be assumed to be continuous however it is time series data. Currently
there is no preprogrammed module for time series datanasga beta distribution. The
SHO frequency equation includes lagged sales values as well as factor variables which
currently cannot easilge modelled. Gamma distribution does not include zeroes,
whereas SHO frequency data values have many. Finally, geowfistribution is just a
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specific incidence of negative binomial and of the discrete compound Poisson
contribution. The two models compared in Stata are thus the negative binomial and

Poisson.

The Stata code for the comparison is:

nbreg eventrate L.salk capacityrhat i.week i.vendor, exposure(openwk) vce(cluster UPC)

predict eventratehat //save preditvalues to fit into GSEM

estat ic

poisson eventrate L.soldwk capacityrhat i.week i.vendor, exposure(openwk) vce(cluster UPC)

estat ic

The resulting moel output and AIC and BIC values are:

Negative binomial regression Humker of obs = 4,144
Wald chiZ2 (12) = 141.84
Dispersion = mean Prok > chi2 = 0.0000
Log pseudolikelihood = -4043.3271 Pseudo R2 = 0.0257
(5td. Err. adjusted for 148 clusters in UPC)
Robust
eventrate Coef. Std. Err. z Pxlz]| [95% Conf. Imterval]
soldwk
Ll. 016065 -0D025026 6.42 0.000 -01116 0209699
capacityrhat -.0106973 -0D84269 -1.27 0.204 -.0272137 .0058191
week
3 -.3996636 0966715 -4.13 0.000 -.5891363 -.2101909
4 .0650681 .086138 0.80 0.423 -.0997552 .2376954
5 -0288051 .0735048 0.36 0.717 -.1270215 .1846316
a -.1820674 .0815271 -2.23 0.026 -.3418577 -.0222771
T -.6615396 .116547 -5.68 0.000 -.8B99675 -.4331116
8 -.0503601 .1014603 -D.50 0.620 —.2492185 .1484584
vendor
2 -.8390372 -5985869 -1.40 0.161 —-2.012246 .3341715
3 .3965682 .1620589 2.45 0.014 .0789386 .7141978
4 -0363802 .149203 0.24 0.807 -.2560524 .3288127
5 -3686103 . 2292505 1.61 0.108 -.0807124 817933
_cons -9.700703 .3179164 -30.51 0.000 -10.32381 -9.077599
1n (openwk) 1 (exposure)
/1lnalpha .8041213 .0B83536 .6309515 97725912
alpha 2.234732 .1574466 1.87953598 2.657248

The number of observations
are lower than the total 4,736
data points in the sample
because some items never
SHO. They are still included
into the study because the
overall model looks at both
the antecedents to and effects
of SHO. Item demand and
supply dharacteristics are
linked to SHO frequency and
duration which are then
linked to item sales.
Including items that never
SHO give more conservative
coefficient estimates of item
based parameters affecting
SHO. For example, if an item
with pack size 12 andslf
capacity 48 never SHO
during the sample period and

another item with the same pack size and shelf capacity SHO multiple times, not
including the norSHO-item would make the pack size and shelf capacity parameters of
the SHQItem have a stronger link tSHO occurrence.
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Poisson regression Humber of obs = 4,144 Aga'n’ Some |tems

Wald chiz (12) 172.00

Prob » chi2 = 0.0000 over time do not show
Log pseudolikelihood = -4626.5754 Pseudo R2 = 0.0585 any SHO events SO
)
(Std. Err. adjusted for 148 clusters in UPC) thIS nonval’ylng
I dependent variable
eventrate Coef.  Std. Err. z P>z [95% Conf. Intervall (SHO frequency)
solduk drops out since the
Ll. .0150015  .0021299 7.04 0.000 .010827 .0191761 model uses maximum
capacityrhat -.0089622  .0082751 -1.08 0.279 -.0251812 .0072568 |Ike|lh00d estimators.
week
3 -.4255279  .0937153 -4.54 0.000 -.6092066 -.2418493
4 .0593008  .0834174 0.71  0.477 -.1041942 2227959
5 .0348619  .0785992 0.44 0.657 -.1191898 .1889136
& -.1791715  .0828778 -2.16 0.031 -.3416089 -.0167341
7 -.7020508  .1210799 -5.80 0.000 -.9393631 -.4647386
8 -.0859106 .1069065 -0.80 0.422 -.2954434 .1236222
wvendor
2 -.B463845  .6013157 -1.41  0.159 -2.024942 .3321727
3 .4168995  .1642224 2.54 0.011 0950296 . 7387695
4 -.0580573 .151823 -0.38 0.702 -.355625 .2395104
5 .3357915  .1893354 1.77 0.076 -.035299 . 7068821
_cons -9.643269  .2998113 -32.16 0.000 -10.23089 -9.055649
1n {openwk) 1 (exposure)
estat ic

Akaike's information criterion and Bayesian information criterion

Model Obs 11 (null) 11 {model) df aIC BIC

4,144 -414%9.934 -4043.327 14 8114.654 8203.266

The AIC and BIC values for negative binomial (above) Bogson (below) so that
negative binomial distribution is a better fit for the data since 8114 is less than 9279.

Maodel Cbs 11 (null) 11 {model) df AIC BIC

4,144 -4914.258 -4626.575 13 9275.151 9361.433
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SHO Duration

Unlike item shelf capacity and SHO frequency, SHO duration is a percentage between 0
and 100. It has a continuous lzensored distribution of values that are calculated by

taking the t

ot al SHO dur at i

on f or

hours (which vary from store to store as well as over time for each store).

Descriptive statistics and least squamor approach

Descriptive Statistics

t he week

Since half of the data is zero for

Statistic value rercentie | vawe | SHO frequency, it makes sense that
Sample Size 4736 Min 0 half of the data for SHO duration is
Range 80.941 5% 0 - -

o e o ; also zero. The maximum duration of
Variance 52.469 5% @) | o SHO for an item is about 80% of the
Std. Deviation 7.2435 50% (Median) | 0 st or e 6 S 0 p en h our s.
Coef. of Variation | 2.6999 75% (Q3) 0.74074
std. Error 0.10526 90% 9.3907
Skewness 4.729 Q5% 15.856
Excess Kurtosis 30.789 Max 80.941
Data Summary
Number of Data Points = 4736
Min Data Value = 0
Max Data Value = 81
Sample Mean = 2.68
Sample 5td Dewv = T.24
Histogram Summary
Histogram Range = =0.3 to 81.5
NannsaSeessu, Number of Intervals = g2

The histogram of SHO duration igrslar to the histogram of SHO frequency. Since the
75" percentile of the SHO frequency is larger than tHep&Gcentile of SHO duration, it
makes sense that the histogram cell with value of less than 1 is much taller (or higher) in

duration than in fregency.
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Function sq Error  1he 4 distributions with the least square error are checked
——————————————————————— using quantilequantile plots below. The Chi square test

) SEHTL Liclelils below for Weibull shows a significant p value below 0.05,
cogrommat 007 rejecting the null hypothesis that the empirical distribution
Carma 0.175 fits the Weibull distribution.

Exponential 0.27%

Erlang 0.279

Hormal 0.4387

Triangular 0.531

Uniform 0.541

Poisson 0.5388

Graphical approach and fit tests

Distribution Summary
Distribution: Weibull
Expression: -0.5 + WEIB({1.34, 0.664)
Square Error: 0.058639

Chi Sguare Test

Number of intervals = 17
Degrees of freedom = 14
Test Statistic = 4.11e+003
Corresponding p-value < 0.005
Since SHO
- duration is a
_-~~ continuous
- distribution,
s EasyFit has
e many
= distributions for
" which QQ plots
are possible.
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Weibull with parametersa=0.84507 b=8.5208 (above) and differeparameters
(a=0.31478b=0.77705) below. This is a good example of how Weibull is often a
distribution which statistical software suggests instead of one based on economic theory.
Different parameter values can give Weibull a completely different shapeafppearing
somewhat like the normal distribution to the exponential distribution.

Q-Q Plot
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QQPlot

Lognormal

The lognormal @ plot (above) shows how poor the observed data fit this distribution.
The low least square error score for this distribution may be due to the largemir
values in the SHO duration data.

QQPlot

" Beta

The QQ plot above shows a closer fit of the observed data to the beta distribution.
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Depending on the parameter values of the distribution, tep®t shows the observed
data to be distributed similar to tgamma distribution.

QQPlot
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Above is gamma with parametees:0.13718b=19.557
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The inverse Gaussian also takes on very different shapes depending on its parameters.
The QQ plots showing howvell SHO duration fits this distribution also varies greatly
by parameter values.

Q-Q Plot

Q-Q plot above for inverse Gaussian with parameter8:3605 n+9.2813 Inverse
Gaussian €Q plot below with parameterk:0.36805 m=2.6829.

Q-Q Plot
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Although the QQ plotssuggest that the inverse Gaussian is the best distribution for SHO
duration, it is more appropriate for naaro valued distributions skewed to larger values.
Histograms of the observed data and inverse Gaussian versus gamma distributions
illustrate the isue. Even if the sorted observed data fall into quantiles that are more
similar to inverse Gaussian rather than gamma, the superimposed histogram and curves
show that the inverse Gaussian has a f(x) of zero when the SHO duration is zero.

nnnnnnnnnnnnnnnnnnnnnnnn

T
[ 16

In contrast thggamma PDF plot for SHO duration at zero approaches infinity

Probability Density Function
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Comparing SHO duration models with different distribution assumptions

. glm durrate pingsused i.wendor eventratehat eventratehat2 i.store, family(igamssian) link(power -2) wvece({cluster UPC)

initial wvalues not feasible

Despite being distributed similar to the inverse Gaussian, the values that SHO duration
takes on is as important as ghape (distribution). The zero values in the data set make it
impossible for the GLM model to converge (above), even after setting its initial values to
parameter estimates from another regression (below).

Tobit regression Number of obs = 4,144
Uncensored = 1,171

Limits: lower = 0 Left-censored = 2,973
upper = 100 Right-censored = 0

F( 10, 4134) = 18.93

Prob > F = 0.0000

Log pseudolikelihood = -6148.4892 Pseudo R2 = 0.0258

(Std. Err. adjusted for 148 clusters in UPC)

Robust
durrate Coef. S5td. Err. t Bxlt] [$5% Conf. Interval]
pingsused -.5395732  1.062221 -0.51  0.612 -2.622097 1.542951
wvendor
2 -1.839476  5.295488 -0.35 0.728 -12.22148 8.542529
3 2.414156 1.69081 1.43  0.153 -.9007415 5.729053
4 2.415349  1.605902 1.50 0.133 -.7330829 5.563781
5 5.147854  1.769784 2.91 0.004 1.678125 8.617584
eventratehat 17.86756  2.470401 7.23  0.000 13.02424 22.71087
eventratehat? -2.736299  .5459243 -5.01 0.000 -3.806604 -1.665994
store
6515 .89B4625  1.498049 D.60 0.549 -2.03852 3.835445 L.
6520 ~.4612506  1.808467 -0.26 0.799 ~4.00682 3.084318 Set initial values Of
6539 2.337116 1.78863 1.31  0.191 -1.16956 5.843792 this GLM to the
_cons -22.88885 2.64877 -8.64 0.000 -28.08186 -17.69583 COfo?C!e?JI
estimates firom the
var (e.durrate) 257.3539 28.727 206.7702 320.3122 i .
Tobit regression.

x;_nd of do-file

. matrix bl=e(b)

. do "C:\Users\findu\AppData\local\Temp\STD6144_000000.tmp"

. glm durrate pingsused i.vendor eventratehat eventratehat2 i.store, family(igaussian) link(power -2) vece(cluster UPC) from(bl, skip)

initial values not feasible

The gamma distribution also has issues with data points at zero. Even if the model
converges to a solution as below, the model cannot consistently fit the observed data.
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The GLM model assuming a gamma distribution of SHO Duration converges to the
abovecoefficient estimates but the fit is extremely poor with AIC and BIC values in the
billions.
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