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Chaplt erntroducti on
Over the past two decades, travel behavior analysis has begun shitisgrfum the
individual (Larsenetal. 2006l o t he soci al . Travel i's an 1in
which shapes their residences and neighborhoods, work and economic opportunities, and
activities and social networks. Travel connects and shapes pesples o c i a | l i ves,
a p er s o netwsrkaadosacietgtlargecan influenceheirtravel behavior.
Accordingly, discrete choice modethe primarymodeling technique in travel behavior
analysis, have begun to integrate social context infoailsework (Dugundji and Walker
2005, Paez and Scott 2007). Durlauf and loannides (2010) define social interactions as
Adirect interdependences in preferences, ¢
impose a social structure on individual decistons( p The Balstraints side of social
interactions in travel has been the focus of work on intrahousehold and interhousehold
activity planning and travel behaviddn the preferences and expectations side of social
interactions, there has been growinggrest in transportation to analyze models in which
the preferences and decisions of others are incorporatesbicitd influence models

Being a relatively young sudbiscipline in transportation, social interactions
research has a variety of researmti find terminologySocial interactions research in
transportation deals with three areas: (1) social cooperation, (2) social influence, and (3)
social capitalResearch on social interactions in travel first dealt wathied cooperation
which deals withactive coordination of travel and activities and generally involves
intrahousehold and interhousehold planning and activity scheduling (Arentze and
Timmermans 2008; Van den Berg et al. 2010, 2012; Carrasco and Miller 2006, 2009;

Habib et al. 2008; Habilna Carrasco 2012). But there has been growing interest in



studying scial influencevher e an i ndividual 6s deci si on m
actions, behaviors, attitudes, and beliefs
of thesg(Dugurdji and Walker 2005, Paez and Scott 208Xsen et al. 2013, Bartle et al.
2013, Sherwin et al. 20)4Additionally, therehas been limited research into
transportation modeling arsbcial capital(Carrasco and Cidguayo 2012, Sadri et al.
2015) where idlividuals are enabled to achieve things working together that would
otherwise be difficult or impossible to achieve alone (Field 2008)s far research
efforts have resulted in work showing tladitthree factorsnay be relevant in travel
decision makig.

What links these three areas is that each relies on underlying social networks.
Connections with familynd friends can provide social support thus promoting social
capital. Car buyers are socially influenced in their decisions by advertisements from
advertisers, brief connections with strangers, and the decisions and opinions of their
neighbors. And the parents in a household are intricately connected with the activities of
their children and their chil dr omditeeirf ri end
travels.Social networks entail the social ties / connections that people make with one
another in a variety of social contexts. These social ties can be strong ties such as
between family members and close friends as well as weak ties Soetwagn
neighbors.

Of particular interest latellgave been attempts gain an understanding of these
socialinteractions and udhis knowledge to better understand travel and to modify
behavior. e analysis of models in whidocial networks andocialfactorsare

incorporated into discrete choice modelsinderstand and quantify these social effescts



one avenue to accomplish this gd&it the incorporation of social interactions into
discrete choice modeis nontrivial since discrete choice modedre grounded in

theories of and methods for independent decision makers.

1.1Who Cares about Social Interactions in Trével

Differentiating social effects from nesocial effects should be of interest to any parties
attempting to understaride determinats of human behavior ¢o modify human

behavior to accomplish certain objectives. In particular, social influence research can be
used by institutions (government, nprofit, and forprofit) and behavioral researchers.
When institutions are interested ¢hanging the behavior of its members, it is important

to understand the determinants of behavior. As shown in the examples above, if a
government entity is interested in promoting cycling then it is important for them to know
whether to invest in infragtcture or advertising campaigns. Infrastructure improvements
are expensive and permanent whereas advertisements are typically cheaper and flexible
in timing. Therefore it is critical to ensure that models correctly differentiate these
effects, particulayl for policy analysis and policy guidance.

Additionally, behavioral researchers are interested in understanding the processes
that impact decision making. Qualitative and quantitative methods are used to study
decision making in human populations. Quéht methods are often useful for
understanding decision making in new contexts and can be used to guide quantitative
approaches. Quantitative models, which are often stattsii®sd, allow for researchers

to examine relationship more subjectively ana¢oount for randomness. By finding



statistical methods which can differentiate the social anesooial factors, researchers
can describe decision making processes more accurately and guide future research.

Choice modeling is a statistical tool which lsrtiese two communities together.
Choice modeling is often used in policy an
processes and to make predictions about the impact of different policy prescriptions.
Additionally, choice models are often used to tesbties of behavior in the travel
behavior, economics, and marketing fields. But the incorporation of social influence into

choice modeling is netrivial and is not straightforward.

1.2How are Social Interactions Incorporated into Choice Mo@dels
The discrée choice model, a type of choice model, is the predominant modeling tool in
travel demand modeling and travel behavior analysihoice model is a mathematical
model of a decision process that maps aspects of the choice situation, such as individual
attributes and item attributes, to a choice or choices. These models have traditionally
focused on describing the choices of independent individuals through the evaluation of
payoffs from choosing different alternatives. These payoffs depend on the attoibutes
the alternative and characteristics of the individuals. Most choice models have the
following formulatiort:
v Q w N -
g (1)
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where;

! Throughout this dissertation, payoffs will be denoted with capitalized, scripted characters, $uatdas
. Model parameters and error terms will be denoted by Greek letters. Variables wilbbeddanLatin
letters.



3 k an individual / decision maker

Q k an alternative

0 k the choice sebr individualn

Y k the payoff achiewve by individualn if alternativei is chosen

) k the choices made by individual denoted as the vector of s@s

with all @ for all alternatives in the choice set

@ k a choice indicator function (typically for discrete choidbss is
equal to 1 if alternativeis chosen by individual and O otherwise)

Q k a function which maps observable individimtel characteristics to
units of payoff (observability is in reference to the modeler)

Q k the decision rule (or deat process) which maps the payoffs of
each alternative to a choice

W k individuaklevel characteristics of individualfor alternative, @
may include alternativepecific attributes (i.e. the explanatory
variables)

- k unobservd effects on individuah for alternative (i.e. an error
term)

I k model parameters that weight the contributions of various

individuaklevel characteristics to the payoff

In thefield of transportationrandom utility models of discrete choice [Rs) are
the most prevalent choice model (B&kiva and Lerman 1985). In this formulation, an
individual assigns a utility to each alternative then chooses the alternative with the largest
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utility. The modeler can observe some characteristics of the dudivand each
alternative but assumes that the unobserved portions of utility are randomly distributed.
This assumption on the distribution of the unobservables leads to different popular
formulations of RUMs such as logit, probit, nested logit, and miogitl models. For
example, the multinomial logit (i.e. conditional logit) model assumes that hastype
1 extreme value distributed and thus the choice model takes the following fornfulation
5 1o - hléeniRQ O

p R anb 2
L1 eI VAN Q

As stated previously, incorporating social interactions into choice models-is non
trivial. It typically entails determining the type of sociahtext and social factors at play,
understanding the relevant social networks for this context, and finding measures that
correlate with the decision and the social context. For a choice model, this means
modifying the preferences, expectations, or comgg@f the individuals based on the
behavior, opinions, characteristics, and

social network. Thus, this may change the formulation given by eqyajias follows:

vy Maean M Owhm o -

} § } ©)
Q Vv h ROl " 0 "Ohy o w
where:
€ k all individuals/ decision makes excluding individuah
O k individualnbs soci al net wor k

2 Throughout this dissertation, coefficient vectors are assumed to be row vectors, while variable vectors are
assumed to be column vectors.



0 8 k thechoicesal ependent ond si sadicv iandthale d svo r k
choice sets of relevant social contacts
Y k the payoff achieved by individuakxcludimg individualn if
alternativei is chosen
Q k a functionaccounting for the impact on a decision of social context
on preferences and expectations; this funatiaps characteristics
of an i ndividual , t handthebelhviovri dual 0
and characteristics oftotunitsscof i ndi vi
payoff (observability is in reference to the modeler)
‘Q 8 k the decision rule (or decision process) which maps the payoffs of
each alternativas well as the payiof relevant social contacts to
t he i ndchoicée dual 6s
a k measures of social interaction between an individual and others,
including social capital, social influence, and social cooperation, that
are related talternativel
r k model pararaters that weight the contributionssaicial contexto
the payoff
First, the preferences and expectations of an individual are modifiéd by
which canoccur through: (1introducingn ew f act or s t hat i nfl uence
payoff, (2) changing the strength of influence of individiealel covariates, and (3)
changi ng asnndividuadlevel cocriated théat correspond to their expectations

of an alternati veécsndpm oipred iconsgrdnisamdnep ay of f s .



modified by social context through adding and removing alternatives from their choice
setb (e. g. scheduling conflicts, social nNor ms
may be i mpacted by the goals and payoffs o
decision ruleQ .
All of these impacts are not relevant for each decisignlving social
interactions. Determining the functional forms for these relations depends on the social
context and thus varies for modeling social capital, social influence and social
cooperation. The impact on social capital will be explained firshe context of activity

and travel

1.3 How is Social Capital Incorporated into Choice Modeling?

Activity diaries have begun to ask respondents to explain who they perform activities

with (Habib et al. 2008yan denBerg et al. 2010Sener et al. 2011in and Wang

2014). This has tended to be in the form of using a simplecadguestion per activity:

AWith whom did you participate in this act
simplei e.g. none, family, friends. These efforts have spawned waretie models of

social cooperation in the form attivity coordination in activity selection and duration.

In activity-based models, work has bgerformedio explore models where cooperation

and coordination of activities occur within the householdsmdetimes between

householdg¢Castiglione et al. 2015But these measurement and modeling efforts have

% Social influence is described in sections-1.4. Social cooperation is not the focushi$ dissertation so
it will not be described in the context of choice modeling and it is covered in more depth in de Palma et al
(2014).



suffered from a lack of understanding the social factors behind the participation in certain
activities.
Incorporating social capital into studiesaativity participation has the potential
to more fully explain the social aspects of activity and travel. Social capital explains how
our social connections bring value to our
networks have value because theywalrcess to resources and valued social attributes
such as trust, reciprocity, and community
allows for resource acces®.g. access to food, entertainment, and recredian.
activity participation also alles individuals to expand their social circles and provate
avenue to create trust and for reciprocity. For example, if an individual is stressed out
from a long week at work, he may contact his friends to visit a sports bar over the
weekend. Thegroupegt s a few drinks, watches a few g
times . 06 Thus, the activity provides:
1. Access tdood and drinks from the venue
2. Access to entertainment from the venue and conversation with friends
3. Social support for the stressed individual frois fiends
4. Reciprocityi the individual may now feel obliged to hang with his other friends
when they contact him in the future
5. Trust creation his friends came to his aid and he felt comfortable sharing his
feelings with them
Social networks play a vitiglimportant role in creating and fostering social capital in
this contextThe individual needetb know and be able to communicate with a group of

friends and acquaintancé&dhe individual and his contacts had to be located close enough



to travel to a biato share a few houtsgether Their interestfiad to be sufficiently close
in allowing them to be interested in watching games together and to foster conversation.
Examples like this are why the social network perspective and social network analysis
tedniques have been applied to studying social capital.

But social capital is notoriously difficult to measten 2001, Field 2003)The
concept of social capital is both powerful and limiting because of its simple yet broad
definition. The most populaparoach in the social network perspective on social capital
is to use measures of an individu@hos soci
2001) Considering the previous examptiework-stressedndividual may have a social
network where mosif his friends are of similar age (i.e. age homophily is high).
Because they are at similar life stages due to their similay tgggr schedules may more
easly align for a weekend bar trifn contrastanother individual witla network that has
high aye heterophily may choose another activity location/type or just contact a friend by
phone to gain some social support.

Measuring these indicators generally involves using two techniques: name
generatorg interpreters and position generat@ifennig et & 2012) A name generator is
a technique to understand core social networks or cesémsitive networks by asking
individuals to describe who they are connected to in a particular coAteame
interpreter may then be used to elicit characteristiositahese named contacitdis
technique is good for understanding the <c¢ch
and the configuration characteristics of their networks. The position generator technique
is used to measure the diversatyd reachabty of an i ndi vi duaadlad s s oci

i ndi vi dual 0 sltgeresly imvolees asking anansligidual if they know
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anyone wh@ossessea particular job or job type. By listing jobs of varying skill and
prestige, the surveyor can gainiadication of the total diversity and reachability to
(prestigiou$ connections. In studiex activity and travel, the name generatathis
primary technique for incorporating social capital indicators into activéyel models
(Carrasco et al. 2008arrasco and Cihguyao 2012 Kowald and Axhausen 2012, Sadri
et al. 2015, Tilahun and Li 2015)

Choice modelsvith social capital indicatorsxpand upon the model shown in
equation(1) by incorporatinghetwork chaacteristics as indicators of social capital
effectsin the following form

y "Qon i Omm n -
) @
QY HR'Q Vo w
where:

i k asocial capitafunction which map#dicatorsof socialcapital(e.qg.

homophily, retwork size, alter attributeso units of payoff

O k the sociahetwork of individuah i subscripted here to indicate that

often this is egocentrically constructed

W k thecharacteristicef others (individuals or institutions othiran

individualnnwh o may i mpact an individual ¢

[ k model parameters that weight the influences of others on an

i ndividual 6s payoff

In this dissertation, activity participation models with indicators of social capital

are comparedAdditionally, snce noactivity-travelstudies have used the position

generatopreviously,the role of social networ@ccupationatliversityin activity

11



participation was exploredccess to the resources embedded in diverse networks
(extensity) was fountb positively correlate with leisure activity participatidssing

indicators from name generator and position generator data, indicators of social network
occupationatliversityfrom the position generatarerefound to impact activity

participation andhese indicators are found to have predictive power. As compared to
indicators from a name generator, for the activity types analyzed, the position generator
indicators were comparable or better at predicting activity participation in a cross

validation stidy performed in Chapter 3.

1.4 How Does the Measurement $bcial Networkndicatorsimpact
Estimation of Social Capital and Social Influence Choice M&dels

The name generator and position generator used in studies of social capital are examples
of measuement techniques for acquiring social network information. This is not a
problem unique to social capital studies as social influence studies also must deal with the
incorporation of social networks, the types and timing of interactions, and how social
netvorks and interactions iatface in spatial dimensions. These cadiffecult to model
and identify from current data sources.

Social network data is collected using varigugstionnaire designs such as name
and position generators asdmpling techniges such as egocentric and snowball
sampling. Additionally social network data collection can be affected by missing data and
measurement error due to respondent recall, fieedll survey designs, and indirect
sources of network data. In spite of thispiked choice modelwith social interactions
often ignore these factors and assume that network data is accurate and complete.

Gaining an understanding of the estimator properties for these models under different

12



guestionnaire design, sample sizzasl déa misspecification can guide methodologist on
waysto handle the misspecificatioaid applied modelers in understanding potential
pitfalls in their analysesand guide the design of survey questionnaires and sampling
proceduresThis can aid data colleicin efforts when the prior intent is to estimate choice
models ofsocial interactiorto test behavioral theories or make predictions.

In practice modeling exercises in the travel behavior field tend to be applied work
rather than theoretical. Specifioglthe application is well ahead of the theory of how the
incorporation of data from social networks impact estimation of choice models. For
example, multinomial models of social influence are common but very little theoretical
econometric or statisticahalysis work has been done on the properties of these rhodels
(Durlauf and loannides 2010). As such, the estimator properties of the applied models
typically are not verified before their usagising theseechniques foexplanation and
prediction require thatthe estimator properties be more thoroughly understood.

In this dissertation hie robustness of social network dadéection efforts and
indicatorusageareexplored for both position generators and name generators
interpreters. Chapterekplares the sensitivity of binary probit model predictiaseng a
measure of extensity.e. social network occupational diversityf) this work, the length
of a position generatords occupational
bias andvariability in parameter estimatda a case study using data from the Pew

Internet Personal Networks and Community st(ldgmpton et al. 2009¢xtensityas

“ Blume et al. (2011) mention theoretical work including Brock and Durlauf (2002, 2006) and Bayers and
Timmins (2007).
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indicated by social network occupational diversvigsfound to be robust to varying
occupationalist lengths.

Chapters 5 and éxplore the sensitivity of binary logit model parameter
estimation and model selection for models using data from a name generator/interpreter.
These exercises are explored in the context of a social influence choicé. Mbidel
work includes:

1 A simulationbased examination of the estimation properties and likelihood ratio
test properties of choice models of dynamic social influence with sparse small
world social networks when the network data is misspecified due to random
omission and addition of social ties

1 A simulationbased examination of the estimation properties and likelihood ratio
test properties of choice models of dynamic social influence with sparse small
world social network when egocentric sampling techniquessed

These simulation studies found that for srwedirld networks, the network shape had no
impact on the quality of parameter estimation when network density and network size are
held constant. Misspecification due to social tie omission and additiofourd to

degrade model estimation after approximately 15% to 30% of the edges have been
modified. For egocentric sampling, the most important factors included network density

and sample sizand the strength of social influence

® Although the models are dynamic models of social influence, since there are no endogenous covariates,
the results are generalizable to models with contextual social influence as well as models using indicators
of social capital that use alter attributés proportions.
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1.5 How Can Social Influene be Relevant in Decision Making?
Social influence is the process of altermmgp i ndi vi dual 6s deci si on
throughthe actions, behaviors, attitudes, and beliefs of others as viktbagh an
indi vidual 6s pTe clarify thetccancepirs modeling, tthis sestiopresents
a hypothetical, illustrative example of various sources of influence in travel behavior.
Suppose a researcher studying cycling behavior among students astdaemts
makes the following observation:
College studnts in the US are more likely to use a bicycle thanstodents.
This simple observation could have various causes. The following are several possible
explanations for this observation (observability is in reference to the modeler):

1. College students tertd live on college campuses which often have amenities that
are nearby. Therefore, more student trips are within the comfortable range for
bike travel compared to nestudent trips. Individualevel differences in travel
distance and trip time (Dickinsat al. 2003) may explain differences in cycling
behavior between students and stmdents. These variables are typically
observable to modelerObservedindividual -level effect$

2. Cycling decisions depend on the choices of others because of socialamarms
conformity (Dill and Voros 2007). This can cause a-pelfpetuating cycle of low
cycling rates in neighborhoods with netudents and high cycling rates in
neighborhoods with students. For example, this can lead to a situation whereby
once a few peoplstart cycling, a critical mass is reached, and cycling becomes

more popular.EEndogenous social influence effest Conformity |
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3. Preferences for automobiles may be higher among lower income individuals
compared to highencomeindividuals (Parkin et aR008). Higher income
individuals have higher bicycle ownership and tend to cycle more often than
lower income individualsSince collegenrollment in the US tends to increase
with rising householdncome (Snyders and Dillow 201 3jis difference in
prefaences may inducgtudents to perceive cycling more favoratilye tothe
social normf different income groups andperhaps more favorably than would
be expected by income alon€dntextual social influence effedi
Compliance]

4. Infrastructure detailare often not available in large scale travel dataHets.
college campusdsave more favorable bicycle infrastructure (e.g. bike paths, bike
lanes, bikesharing programs, bicycle parking) than areas that are not near college
campuseghis may lead to higér cycling rates among studertiere, an
institutional environment may cause an increase in student cycling rates.
[Correlated environmental effect$

5. Since cycling is a physical activity, a certain level of physical ability and health is
needed to cycleCollege students in the US tend to be less obese than non
students (FowleBrown et al. 2010) and since obesity correlates with health, this
could explain a disparity in cycling rates. Since travel surveys tend to not measure
health and ability, this mayeban example of an unobservable effect which acts at
the individual level. Correlated individual -level effect$

6. Schools may create a stronger sense of community than an average community so

the strong cohesiveness of the social networks among studengdlowaguicker,
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stronger, and seleinforcing dissemination of cycling behavior (Paez and
Whalen 2010) as compared to the less cohesive networks in communities outside

of schools. ocial network structure]

Each ofthesepossible explanatiorrgequires alifferent policy intervention. For
example, explanation #1 suggests that increasing the amenities in less dense areas would
increase cycling rates, whereas explanation #2 suggests that investments in encouraging a
few people to cycle (e.g. advertising qaargn, bicycle loan program) would be more
effective.Explanation #6 suggests that less resources likely need to be spent to encourage

cycling in closeknit communities as compared to less cohesive communities.

1.6 How is Social Influence Incorporated cxhoice Modeling

In the field of travel behavior analysis, there has betmestlatelyin travel decision

making involving social interactions, particularly social influence. Social influence has

been identified as a possible factor in various trdeelsions including mode choice.§.

Dugundji and Walker 2005), cycling behavierd.Sherwin et al2014), telecommuting

(e.g.Wilton et al. 2011), vehicle ownership.¢.Grinblatt et al. 2008klectric vehicle

adoption é.g.Axsen and Kurani 2012pedestrian safety (e.g. Gaker et al. 20H@ynk

driving (e.g.Kim and Kim2012, and tourism (Wu et al. 2013} hoice models of social

influence expand upon the model shown in equdtidby incorporating the aicns,
behaviors, attitudes, and beliefs of other

payoff for making a choice:

v Qwn i o ho M Q ON - (5)

17



QY A 00w
where:
i k a function which maps factors of social infleenincluding
endogenous and contextual social influenceinits of payoff
a k thesocial influence indicatorsictions, behaviors, attitudes, and
beliefs of others (individuals or institutions other than individyal
that i nfl uencesioaprocasmdi vi dual 6s dec
@ k additional social influence indicators from ttlgaracteristicef
others (individuals or institutions other than individapwho
influence an individual s deci si on
O k environmental factors on individual(may include correlated
environmental factors)
[ H k model parametethat weight the influences of othexsd

environmental factors, respectivetyn an i ndi vi dual 6s |

Travel may involve different types of social influence processes \aitying
motivations and generated fradifferent types of social networks includipgers,
family, neighbors, collegues, and even society at larggcorporating these social effects
into discrete choice modeilswhich are grounded in the individual chomfendependent
decision makers is nontrivial, thus making the choice of the functional form of
important The choice of appropriate social influence mechanisms and the associated

social networks and influence sources should not be taken lightly.
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This has spawned a variety of different model specifications using different social
network stretures and social influence processes and motivations. But there is not much
guidance in the choice of model structure for social influence choice models.
Additionally, the field has a variety of terminologies to describe similar models which
makes companig and contrasting research difficMso, understanding how social
factors are incorporating into choice modeling can be a confusing and daunting task for
new usersThis dissertation proposes a theoretical behavioral framework to classify the
various brmulations of social influence choice models

Social influence choice models incorportiteories and terminology from
differentsocial science fields. Additionally, various model specifications udiiifeying
social network specifications, influence stes, and social influence types and processes
have been developed. For exampletwork structures varfyom cliques to sparse
networks and the connections made can be due to similarity in social standing and
interests as well as geographic proximity.

This dissertation proposes a system to describe previously built models of social
influence in choice modeling as well as provide a flexible enough framework to allow
new models to be described sufficiently as well. The behavioral framework developed in
Chaper 7consolidatd the current statef-the-art in a clear format. This willid in
clarifying areas for improvesnt and future research topics.

The frameworkFigurel) provides a behavioral basis for social inflae choice
model s. Previous work defi ned indemtofithelnous a
types of variables rather than via particular mechaismg Bl ume et al . 2011

framework contrasts with previous works which classified on strakctermsManski
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1993 Brock and Durlauf 2001, 2003) l®ymphasizing behavioral microfoundations. The
framework separatele social influence mechanism from #wurce of its influence and

explicitly acknowledgeshe role of social netwosdn the modektructure.
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Figure 1. Generalized Framework for ChoiceModels of Social Influence

Using the behavioral framework as a guide, a reviesoofal influence modelsf travel
behavior was performed. This review showed that most madet®nformity models

with utility maximizing agentsThis form assumes a direlsenefit effect is generated

from conforming to the behavior of others (i.e. utility itself is directly increased by
conforming).Thesemodelsare not formulated to understatie motivationsof social
influence The directbenefit conformity formulation can lggenerated byifferent

motivatiors; the question of why are people conforming often is not being answered. Are
individuals transferring information? Are people enviofistbers and aspiring to obtain

a similar status? Is this just a fad and people are just following the crowd? These
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motivations are important for understanding long behavior and for guiding
organizations on appropriate intervention strategies to eageurehavioral changeor
example, Cialdini and Goldstein (2004) describe recent research in social influence
throughthe motivations foaccuracy affiliation, andmaintenance of a positive self
concept Current models either do not acknowledge thevatiins for social influence
or use formulations that emphasize affiliation and maintaining a positiveseépt.
Direct-benefit conformitynodel specifications am&tenrelevant for behavior
where imitating others provides direct benefits such asjpularity and status seeking.
In contrast, if the conformity imdirectand nf or mati onal , then per he
choice set should change to include this new option or the attributes of the new
alternatives should increase in attractivenegsrmational conformity occurs when
individuals feel uncertain about a decision and conform to the behavior of more

knowledgeable others. This is an example of a motivation for accuracy.

1.7 How Canthe Motivation for Accuracie Incorporated into Social
Influence Choice Models?

In Chapter8, a new discrete choice model formulation is shown that works on the social
influence motivation of accuracy. This informational conformity model uses a latent class
discrete choice model framework where individuals aaeqal into different classes in

accordance to their latent information on the relevant decision making topic area.

Individuals in different classes have varying preferences in accordance with their

informational affinities. Social influence occursindirgctl as i ndi vi dual sé i r
levels are impacted by the choices of others, but their own choice level utilities are not

directly impacted by others
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The informational conformity model contrasts with the duseefit social
influence model irequation(5) by incorporating the actions, behaviors, attitudes, and
beliefs of other indivi duiafbrreatiamacquistiocnt i t ut i o
function which determines their codelrespond
L w Qo oy - a6 N -y
0 Hwoow

oL ©®)

v k thelatent information levehchieved by individuat if he is in clas®
Qy k a function which maps observable individietel characteristics to
latentunits ofinformation
i- k a function which maps factor$ social influence (e.g. the actions of
others) tdatentunits ofinformation
v k individualnbs | atent i nformation ¢l ass
Q k the decision rule (or decision process) which maptatieat
informationof eachclassto alatentchoiceof class
& k denotes that thierm is specific to information cla@s
-y k unobserved effects on individuafor information clas®
Chapter 3escribes a case study where socifiience in bicycle ownership watudied
using this informatinal conformity modellnformationwassignaled by citylevel

bicycle usage where greater usage may induce households to reevaluate their preferences
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towards bicycle ownership. Estimation results shbdtvh at t hese fAmor e |
households have a higheopability of owning a bike due to being less sensitive to

smaller home footprints and limited incomes.

1.8 Dissertation Organization
This dissertation is broken up infareeparts:social capitabnd social network
indicators social network data repredation andestimationbehavior,andbehavioral
motivations forsocial influencanodel formulationPart |, which consists of Chapter
andChapter3, summarizeslata collection techniquesd presents a case study on the
use of position generators versasme generators for activity participation modeling. The
chapters of partare briefly summarized below:
1 Chapter 2 describegheories of social network formation and structural
properties of social network§hen, this chaptesummarizes the data colleatio
techniques used in social interactions studies of travel: claize qualitative
data, surveys and experiments, and stochastic network models.
1 Chapter 3compares the explanatory and predictive performance of social capital
indicators in activity partipation modelingBinary probit modelsvereanalyzed
and itwasfound thatextensity /social networloccupationatliversity as indicated
from position generator questiongdrggnificant predictive and explanatory
power.
Part Il presents simulation studi®f the estimation properties of a common social
influence choice model formulation and the effect of data collection via a name generator

[ interpreters. The chapters of part Il are briefly summarized below:
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1 Chapter 4 analyzes the sensitivity of the salchetworkoccupationativersity
indicator used in Chapter 3. A sensitivity analysis of model fit and parameter
estimatesvasperformed by varying the size of the position generator used.

1 Chapter 5details a simulation study design to analyze the effiectigspecified
social networks on social influence choice model estimation. A simulation study
of random additions and omissions of social Wwasperformed to measure the
accuracy of the likelihood ratio test and the biasness and variance in social
influence parameter estimates for binary choice models of conformity with- small
world social networks.

1 Chapter 6 details a simulation study design to analgaee finitesample
properties okocial influence choice model estimation. A simulation study of
egocetric samplingwasperformed to measure the accuracy of the likelihood
ratio test and the biasness and variance in social influence parameter estimates for
binary choice models of conformity with smalbrld social networks.

Part 11, which consists of chaprs7 through9, explores and expands upon the
behavioral underpinnings of social influence choice modéis.chapters gbart Il are
briefly summarized below:

1 Chapter 7 showcases a generalized behavioral framework for choice models of
social influenceThis framework stresses the important interconnection between
the social influence mechanism and associated social networks and influence
sources. The current stat&practice in travel behavior studies of social influence

is described as well as the ltations of current approaches. Then theories of
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social influence via conformity and compliance are descrinedthese are briefly
linked with the importance afocial networks

1 Chapter 8 describes a formulation of a choice model of informational confgrmi
which uses a latent class structure. The class membership model depends on the
proportion of group members exhibiting a particular behavior. Membership into
t hmorédi nf or medo cl ass wi l |l cause a change
individuals,thusmakig t he behavi or morei en featrtnreadcot i v
individuals are motivated to conform due to the goal of accuEaqyilibrium
properties are also derived and a Bayesian inference and policy analysis technique
is described. Additionally, a technigteehandle endogeneity is described by
using a twestage control function approach.

1 Chapter 9 provides a case study using the informational conformity model and
the Bayesian estimation and equilibrium analysisriegle describ&in Chapter
7. Bicycle owneship in the United States is analyzed. In contrast to existing
work, this model shoedt hat fmore i nformedo househol
probability of owning a bike due to changes in preferences rather than direct
benefits fr omiteywereless gensitive to anvalleohorse
footprintsand home ownershigndmore sensitive to household membership.size

This dissertation concludes witrsammary of contributions and areas for future research
in Chapter 10. Additionally, six appendices are provided:
1 Appendix A complements work in chapte2s5, and 6 It describes how

exponentiafamily rancdom graph modeldEERGMs)are formulated
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Appendix B complements work in chapters 7 througiTBis appendix
summarizes the specifications of different models campichoice and social
influence in the areas of social influence network theory, social network analysis,
statistical mechanics and social econometrics, spatial econometrics, experimental
economics and game theory, the economics of identity, and traalibe
modeling.

Appendix C describes how endogeneity is hamdle social influence discrete
choice models. This appendix supplemembsk in Chapter &nd Chapter .9
Appendix D presents a generalized version of the informatioanformity

model describé in Chapter 8It generalizes the model by including expectation
and constraint changes in addition to preference differences between different
classes of informed individuals.

Appendix E presents an ordered logit formulation of the bicyelmership case
study in Chapter.9rhis formulation showthattheinformational conformity

model carbegeneralized to ordered choice as well as to provide a social
influence explanation for the quantity of bicycles owned in a household.
Appendix F presents an examplermulation to complemerthefuture research
directions described in Chapter A formulation of a social influence choice
model with heterogeneous social influence procassdsscribedThe choice
model uses a latent class structure to allovh&tergeneity insocial influence
processes among different individuals in the population.

Appendix G supports the model selection asereshown inTable31 of Chapter

0.
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1.9 Contributions

This dissertation makes practical and theoetttontributions to the study of social

interactions in activity and travel behavior. The major contributions of this dissertation

include:

1.

The use of data from a position generator in a social capital model of activity
selection in Chapter 3

The expansio of empirical evidencén favor ofthe robustness of position
generators as an indicator of social capitalextensityof resource accessibility

(i.e. social networloccupationadiversity) in Chapter 4

The testing of the implications of social netwstkucture social network
misspecificationand finitesamplesn choice models of social influence in
Chapters 5 and 6

The creation of a generalized behavioral framework of social influence choice
models in Chapter 7

The classification of existing resehron social influence in travel according to
social network, social influence mechanisms, and influence measures in Chapter 7
The development of a discrete choice model of informational conformity and
inference and hypothesis testing procedures in Chapter

The use of an informational conformity model in an exploratory analysis of social

influence in bicycle ownership in Chapter 9

Other minor contributions are mentioned in the relevant chapters.
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ChaptSeorci al N eD amoa kGo lalnedct i on i
| nrtaecti on Studies of Travel

Table 1. Chapter 2 Summary

This chapteprovides an overview of social networks. It begins with
look at the link generation processes and network structures. T
thedata colletion techniques used in social interactions studies
travelare summarized, includirghoicedata, qualitative data,
surveys and experiments, and stochastic network models.

Background &
Brief Summary

Social networkdink the three major areas of social interactions in
activity and travel research: social capital, social influence, and
Motivation social cooperation. Data collection has important implications ir
robustness and design of models to represent and study the im
of social interactions on activity and travel beioa

1. Social network theories were described in the context of link
formation and network structures

2. The existing data collection technique for obtaining social

Results interactionand social network data from the travel behavior
literatureis summarized

3. Strengths and weakness to the various data collection techraicgi
suggested

1. More extensive reviews of social networks and data collection
Limitations techniques are available in resources such as Kadushin (2012)
Hennig et al. (2012), Prell (2012), aBdrgatti et al. (203)

This chapter presents an overview of the social network formation processes and
structures as well as the data collections used to measure social network and thus perform

analyses where social network are relevant.

2.1 Social Netwrks: Processes and Structures

Whenamodeler is thinking about appropriate social networks for their analysis, it is
critical to understand: (1) why connections are made and (2) what kind of network

structures are appropriate/likely?
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2.1.1 Link GeneratiorProcess

The question of why connections are made is critical for understanding the importance of
social networks and their effect on sodgmeractions Kadushin (2012) summarizes

research showing that the three major motivational foundations of setiainks are

social safety, effectance, and status.

Social safety is important in nourishing a sense of community, affiliation, and
trust (Kadushin 2012). Social networks typically provide this safety by linking
individuals according tepatial proximity (i.e. propinquity)and homophilySpatial
proximity describes the increased likelihood of interacting with individuals who are
located close to you spatially, while homophily describes how individuals tend to
associate with others who are like themselves.

Spatial proximityis a common basis for generating social networks in social
interaction traveimodels due to the ease of measuring spatial attributes (Dugundji and
Walker 2005). The open question remains of how to determine what level of spatial
aggregatbn is appropriate for differetypes ofsocialinteractions While these spatial
units may be appropriate for simple transportation planning purposes, physical distance
has varying implications between different topologies and build environments, near
distances and very fatistances, and even between different individuals (Robins and
Daraganova 2013). Kowald et al. (2013) noted a tendency for individuals to have a

majority of contacts within about an hour drive, while Matous et al. (2013) similarly

® Kadushin (2012) refers to spatial proximitymspinquity. The more familiar term of spatial proximity is
used in this dissertation because only proximity in spatial categories is considered. The work in this
dissertation and on sociaétworks is generalizable to other forms of propinquity such as virtual
propinquity (e.g. instant messaging, video conferencing), occupational propinquity, and acquaintance

propinquity.
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foundthat, in an infrastructuspoor region, individuals had 95 percent of their contacts
within a 98minute walk Althoughspatial proximityis common in social networks, it is

not guaranteed that individuals connect with their physical neighbors. Indeed, some
research finds that some neighborhoods are more cohesive than others and that even the
transportation network can influence this cohesion (Grannis 1998, Whalen et al. 2012).

Kadushin (2012) summarizes Verbrugge (1
peqle have characteristics that match in a proportion greater than expected in the
population from which they are drawn or network of which they are a part, then they are
more |ikely to be connectedo (p.18)in The i
the transportation literaturBor example, in social influence studid® general pattern
is to choose socioeconomic indicators and place individuals into groups based on these
categoriesln a social capital studies by Sadri et al. (2015), homophdefined using
theEl index (Krackhardt and Stern 1988)d applied to the characteristics such as
marital status, age, and vehicle ownershpcontrasting approach involves
guantitatively combining differeaodh aspects
measure of social similarity such as Blau space (Blau 1977, Hennig et al. 2012, Kadushin
2012) or social distance (Akerlof 1997).

Effectance contrasts with social safety
make connections where there weoeme 06 ( Kadushin 2012, p.56),
brokerage of different social groups and circles. Effectance facilitates the human desire to
explore the unknown. It aids in transferring knowledge, influence, and social capital
between different parts of ety and can give the individuals who link these parts power

and status. Axsen and Kurani (2012) and Axsen et al. (2013) mention the effect of
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brokers and the connections between social groups in transferring influence in the
adoption of electric vehiclethnology. For models emphasizing the diffusion of
behavior through sparse networks, these connections are critically important to
understand due to drastic changes in diffusion patterns and in the design of effective
behavioral intervention§ocial capial studies in sociology explore this through position
generators and resource generator questions (Lin 2001).

Lastly, status entails a ranking of the power and prestige of individuals and
comparisons thereof. Status can be created by organizational retsuEtly. job roles at
work) and the allocation of resources (e.g. money, authority, social connections). This
can encourage social interactions where individuals attempt to statuswskether
consciously or subconsciouslyn order to maintain theitgtus or seek higher status.

For example, Wilton et al. (2011) mentions that, in ssimictured interviews, some
employees expressed reservations about teleworking due to negative perceptions among

their supervisors.

2.1.2 Network Structure

The network sucture is critically impacted by the link generation process and the form

of social influence. From this structure, leng impacts of social influence are affected.
Social safety, effectance, and status seekitig primary motivations for network

formationi lead to the network structural properties of dense networks, structural holes
and weak ties, and pyramid/hierarchical structures, respectively (Kadushin 2012). These

properties parallel some common network types that are used in research including
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cliqued, smaltworld networks, and hierarchical networks. This section will briefly
describe these network structures and concludes with a look at future development in
spatiatsocial network overlays and twoode networks.
A clique is a maximally densestion of a network where all individuals in the
cligue are connected to each other. When social networks are assumed to be reflexive
large cliques, conformity models are commonly called fedffdct or meareffect models.
Cliques are a good representatajrsmall groups where it is easier to communicate with
and observe the behavior of all group members. But this assumption becomes less
behaviorally plausible as social group size increases since the individual is unlikely to
know each person in his refeme group and coordinating actions would be more
difficult®. On the other hand, larger group sizes allow for estimates of choice percentages
that are more robust to the influence of any one particular individual. Therefore, care
must be undertaken when nigiclique structures, and modelers need to be clear about
their motivations for and the limitations of using this structure.
The existence of smallorlds in human social networks is attributed to the small
world experiment (Milgram 1967) whichledtothes i x degr ees of separ e
Smallworld networks are sparse networks that exhibit high clustering and short average
path | engths. Thus, individuals tend to fo

friends tend to be friends witheachotbeut ( 2) fAsoci al net wor k [ @

" Thenearest neighbaretworksused in Goetzké008), Grinblatt el (2008), and Adjeman et al (2010)
are a similar conception but noeflexive. This technique is a ngparametric technique that also creates
dense networkwith spatial proximitydriven link generation.

8 An anonymous referee mentions the difficulty obrdinating and signaling average mode shares in large
groups (see work by Brewer and Hensher (2000) and Murdoch et al. (2003)).
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short paths between essentially arbitrary
p.32). Smakworld networks are commonly viewed as due to assortative mixing

(Newman and Park 2003) or preferentiaheltiment. In assortative mixing, individuals

with many social connections are attracted to other highihyected individuals. In

preferential attachment, these higlalynnected individuals are not more attracted to one
another, but tend to connect to lalegree nodes in the network. This is a difficulty with

using smaHlworld networks; they are sufficiently broad that researchers do not always
understand which process formed them.

Hierarchical structures are generally directed social networks where irdluenc
flows from those with higher status or power to individuals with less. These commonly
come in the form of status, role, or authority networks such as the example of a
workplace network ifFigure2. This directedhature of the influence contrasts with the
cligue and smallorld structures mentioned before and has implications in studies of
families, workplaces, small communities, and other organizations. With richer data
sources and more research on social inter@ebf small groups, this network structure
will be used more oftem travel studies.

Spatiatsocial network overlays refer to combining spatial features and social
networks to realize the impact of geospatial factors on the structure of social networks.
For example, in the spatiabcial network shown iRigure2, there are few connections
across the river due to the bridgeds i mpac
individuals are directly across thger from one another, they make contact with other
individuals who are farther by Euclidean distance but located on the same riverbank.

implications ofthe formation of structural holes and weak ties in social networks
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possibly leading to smalorld networks (Wong et al. 2006heeds to be more
thoroughly understood in the context of travel studies with social network data.

A A tmade network [or bipartite network] consists of two sets of distinct units
(e.g. people and events), and the relatittrat are measured between the two sets, e.g.
participation of people in eventso (Hennig
situations whersocial interactions aneot coming directlyhrough direct contact
between individuals buty shared eents, peceptions, or influence sourcesun et al.
(2013) provides an example in which transit smart card data is used to create networks of
individuals linked by the sharing of transit spaces during trips. Another example includes
works deriving from tk social identity perspective (Tajfel 1978, Tajfel and Turner 1979,
Turner et al. 1987) where individuals in the same social category may share some ideal.
This ideal type connects the individual so

behavior fo group members (Akerlof and Kranton 2000).
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Figure 2. Examples of Network Structures
2.2 Data Collection in Social Interaction Studies of Travel
With a clearer idea of social network structures likely, modelers are faced witskhef
determining the methods of sociateactionsand the social network connections for their
specific application. K a d-scaldtriuensocf@a2 0 1 2) not e
interactonn et wor k dataodo as a common phaddol em acr c
research is not immune from this issue as there have been limited studies collecting social
network data linked with travel datddwald et al. 2013). Section21 begins by noting
the limitations of choic&lata approaches. Secti@2.2 explains bw qualitative data can
be used to guide model formation, and then se@i28 looks at direct survey and

experimental approaches for collection social data. Se2tth discusses stochastic
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network models which can be used for exploratory reseansfi@m survey methods are

costly, difficult, or prohibited.

2.2.1 Choicedata Approaches

Modelers face the major problem that identifying group membership from ethaiae
only is difficult. For models with large cliques, most modelers take group membership
and network structure as given and support their decisions often based on convenience
rather than evidence. Walker et al. (2011) note concerns with their spatial group
definitions due to data limitations and issues with the modifiable area unit problem and
sharp spatial boundaries (Paez and Scott 2004).
Inferring group membership from data is a possible answer but modelers must be
cautious with their conclusionsor exampleGoet zkeds (2008) study o
choice limited social networks to the ads$ 40 neighbors, stating that increasing the
network size would not significantly impact average mebdareManski (1993, 2007)
shows for lineain-means models that using individdalel characteristics to determine
group membershipsi.e."Q 0 is functionally dependent ah 1 will always be
Afconsistent with observed behaviour. o This
has not been clearly analyzed (Brock and Durlauf 2001).
Nonetheless, group membership has beemrgdan applied work such as Walker
and Li (2007) and Chen (2012) who applied latent class models to identify lifestyle
groups in discrete choice decisions. Dugundji and Walker (2005) and Sidhartan et al.
(2011) used goodnesd-fit measures such as ldidgelihood ratio tests and narested

tests to test various hypothesized network structures. More research is needed on
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goodnesf-fit measures and new data is needed with qualitative social interactions data

and explicit networks and group memberships.

2.2.2 Qualitative Approaches

Quialitative study can provide guidance for modeling efforts but has seen limited use in
transportation. Clifton and Handy (2003) suggest the use of interviews and focus groups
in travel behavior research. Additionally, Akerlof afchnton (2002, 2010) recommend
the use of ethnographies for economic models involving group definitions and
expectations of group behavior. Abdelal et al. (2009) classifies the most common
techniques for measuring identity in social science studiesragysuand interviews,
content analysis, discourse analysis and ethnography, cognitive mapping, and
experiments. Specific examples in transportation include:

1 Axsen and Kurani (2012) identify contagion, conformity, and dissemination as
possible sources offluence in electric vehicle purchasing decisions.

1 Wilton et al. (2011) use serstructured interviews to observe social influence
effects from ceworkers in telework decisions.

1 Lovejoy and Handy (2011) study how social context affects carpooling among
immigrants while Mote and Whitestone (2011) study informal commuting
(slugging).

1 Bartle et al. (2013) study social influence in cycling commuting through the
interaction of cyclists on an online social networking site, questionnaires, and

semistructured interiews.
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Qualitative methods can be used to increase the credibility of model assumptions
on appropriate group memberships, group sa
For example, Sherwin et aRq14 useal semistructured interviews and thenwaénalysis
to analyze cycling behavior in the UK. Their research found that individuals experienced
direct social influence from family, friends,-@eorkers, and government programs.
Additionally, individuals also experienced indirect social influence fseging strangers
cycle, varying cycling culture between towns, and gender norms. From this qualitative
work, a modeler would have a clearer idea of the relevant influence mechanisms and
social network structure for model development. Then, the modeller esel their

guantitative results to determine the strength and significance of the social influence.

2.2.3 Surveys and Experiments

It is still rare for travel surveys to cover issues related to social context. Group

memberships are not measured in traweleys but may be pertinent in the

implementation of social influence studieblodels with sparse networks require

i nformation on individual s6 social contact

Axhausen (2008) suggests name generators fomitgdists of contacts, including

family members, friends, eaorkers, and others, but cautions that name generator

guestions can increase respondent burden and may suffer from low response rates.
Sampling techniques for social network research in trategpm falls into three

broad groups:

? Woittiez and Kapteyn (1998)rovide an example from labor economics.
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1 Egocentric Egocentric sampling consists of obtaining a random sample of
individuals (fAiegoso) then obtaining inf
This has been the primary data collection technique ispatation (Carrasco et
al. 2008, Carrasco and Gibuayo 2012, Frei and Axhausen 2007, Larsen et al.
2008,Van den Berg et al. 2008, Scott et al. 2012).

1 Snowball SamplingSnowball sampling builds on egocentric sampling by
proceeding to collect data ditgcfrom the alters of the initial random sample of
egos. This allows for analysis of indirect contacts and the structure of networks,
such asnalysis of personal leisure netwo(k®wald and Axhausef012, 2014)

1 Censuslin a census, the connections bfradividuals in a network are observed.

This is a rather difficult task for large populations and when population
boundaries are difficult to determine. This technique has strengths in small groups
and institutions or when the collection of social cot#té easily logged (e.g.

social networking sites, smartphone applications).

Since it is often difficult even with explicit questions about networks to pinpoint
socialinteractioneffects, experiments which control for neacial factors are an avenue
to determine whether sociadteractionsare prevalent in travel behavior (Sunitiyoso et al.
2011). Gaker et al. (2010) explores social influence effects in automobile ownership via
an information cascade exper i me wmdnceinthewhi ch
form of an information cascade will affect whether a person buys a conventional car,
buys a hybrid car, or forgoes having a car

other respondents were more likely to pick the most chosen option.
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2.2.4 Stochastic Network Models

Due to the extensive collection efforts required to collect faogde social network data

and privacy and ethics concerns, modelers may use random network models in simulation
and agenbased modslin order to create realic imitations of reaivorld social

networks. In Arentze et al. (2012), the authors used common concepts from social
network analysi$ homophily,spatial proximity and transitivityf to create a static,
stochastic, actebased model of network formatioBugundji and Gulyas (2003) looked

at ERédyRand smallvorld network models to analyze the equilibrium behavior of
utility maximizing agents. Observing the patterns of emergent behavior can guide future
research study design to optimize resourcecatlons for new sociahteractionsstudies.

If the structural properties of the network are only needed, modelers may use random
graph model siRéeng(drdRhandrRényi B60) BasabagsiAlbert (Barabasi
andAlbert 1999) and WattsStrogatz(Watts andStrogatz1998)models, to generate
expected graph structures. Otherwise, if information on user attributes exists, modelers
may use gameheoretic network models (Jackson 2010) and expondatialy random

graph models (ERGMSs) (Lusher et al. 2012).

2.3 Areas for Future Research
In particular new focus can be applied to:
1 Panel data collection of behavior and social networks over time will allow
researchers to more accurately identify the existence of social influence effects by

controlling for corredtions between social networks and influence sources
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1 Applying random network models for policy analysis to deal with issues of
privacy and ethics in social network data collection
1 Exploratory work to find methods of collecting and represergowal netwok
data such asietwork indicators andew influence sources that affeccial
capital andsocial influence aside from the choices of others such as attitudes,
perceptions, past experiences, ideal types, and the salience of social identities
Social inteactiorsin travel is a thriving research area in the travel behavior community,
but careful consideration of the limitations of current models and data are warranted.
These concerns may limit the application of these methods by institutions and policy
make's, so the field must mature in the strength and accuracy of its claims with
appropriate data and models with predictive capabilities. Chapter 3 presents a case study
using egocentric network data to study actipéyticipationbehaviorto compare the
pefformance of different network question typ&hapters 4hrough6 will cover how
choice models ddocial capital andocial influence are affected by the design of the data
collection process, including using misspecified netwodicators from position

generators and name generagswell asampling technique.
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Table 2. Chapter 3Summary

Existing research on social capital and activity behavior has gener
used name generators to analyze core networks to understand
intimate connectiongn sociology, the position generator has be¢
used to analyze structural propertiesmefworks and resource

Background & access. face no activitytravel studies have used the position

Brief Summary generator previously case study using the Pew Internet Persor

Networks and Community survey was perforni@@xplorethe role

of social network occupational diversin activity participation.

Also, the name generator and position generator indicators are

comparedor explaining and predicting activity participation.

Existing researcincorporating social networks and social capital int
activity and tavel behavior models has tended to use name
generator data. But using name generators and interpreters in
surveys increase respondent burden and survey length. The pg
generator is a technique used in the social science to study sog

Motivation capital and abws for measuring access to networked resouwiees

occupational diversity of network contactheinfluence of these

measures isot known in the context of activity and travel.

Additionally, the dataset provides an opportunity to compare th

performanceof a name generator and position generator in an

activity context.

1. Social capital was correlated with activity participation for all of
activity types analyzed

2. Network diversity as measured from the position generator wag
found to bea reasoable explanatory covariate and predictive
variable for activity participation

3. The network diversity indicator was found to hold more explang
and predictive power than core network indicators from a name
generator.

Results

1. The dataset was not desegl specifically for understaimd) the
activity process as thoroughly as focused activity diaries

2. The results cannot generate theoretical insight on its own, but ¢
time it could become part of a portfolio of work showing practic:
proof of benefitsfrom position generatons activity behavior
research

Limitations
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In the activitytravel perspectivetravel is a derived demand due to activiie®r t u far an:
Willumsen 2011) Individuals connect the activities in their lives by travel because
activities bringvaluetpeop |l edbi Bi vesbecause activities
or requiremento (Ortu¥ar and Willumsen 201
needs of activities may serveliong individuals together. Work activities bring
colleagues togetheo collectively accomplish tasks. Leisure travel often connects
individuals who are friends, family, and acquaintances to share experiences and connect
socially.But some activities are often done alone, such as routippisigpand fastood
eating out.

This mixture of social networks and activity generation motivates a social capital
perspectiveFor exampleCarrasco and Cidguyao(2012 explicitly mention the
importance of social capital and connect social network analysis with this by emphasize
thei mportance of fAnet wo r %ocia cagtal is baked onithe t r av el
premise that social networks bring value and investments in establishing and maintaining
social contacts can lead to individual returns such as comfort, support, andegsourc
(Kadushin 2012)As Lin (2001) describes:

Therefore, social capital can be defined as resources embedded in a social

structure which are accessed and/or mobilized in purposive actions. By

this definition, the notion of social capital contains three @ujents:

resources embedded in a social structure; accessibility to such social

resources by individuals; and use or mobilization of such social resources

by individuals in purposive actions. Thus conceived, social capital

contains three elements intergagtstructure and action: the structural

(embeddedness), opportunity (accessibility) and aatitented (use)
aspects(p. 12)

The strength of the social capital perspective is its generality, but this is also its curse.

The three most prominent viewssiicial capital come from Bourdieu, Coleman, and
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Putnam(Field 2003)I n t hi s chapter, Linds (2001) foc.
measurement techniques will be emphasiitethe social sciences, th&o most

common approaches to measuring individeaH social capital ar@aame generators and

position generatot$ (Kadushin 2012Lin et al. 200).

The name generatoonfrontsa r espondent dAwith a specif
owith whomdéd he or she is relat ed85iLmett hi s p
al (2001) explains that the name generator is often used as an indicator of social capital in
one of three ways:

1. Network configuration characteristics that may indicate density, structural holes

2. Alter characteristics to indicate access to veses

3. Alter characteristics to indicate the best resources available to an individual
Name generators can be interpersonal or global. Interpersonal name genseators
context or stimulus to probe respondents about specific social canthetse contas

are explicitly identified uniquely. An example of an interpersonal name generator is the

guestion: fAiWho are the people with whom yo
(Burt 1984). I n contrast, gl obalt exrasrled gemd
guestions are asked which generalize an in
86). The following question is an exampl e

different friends have you had lunch or dinner with in the last six mainths?
The position generator originates from a study by Lin and Dumin (1986,

studied the diversity of social networks in Buffalo by asking respondents if they

19 Resources generators are also a popular approacB@Qih but were not covered in this study.
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personally knew people (at the acquaintance level or higher) who had specific
occupations of &rying prestigeThe position generat@llows for indicators of:
1. Airange of accessibility to different hi
2. hextensity or heterogeneity of accessib
3. Aupper reachabilitlyo ofLiaccetssald 30¢1,alp.
The position generator technique is useful in measure the diversity and reachability of an
individual 6s soci al net work and resource a
In empirical work from the travedctivity literature, the predominant approash
have leen activity generators and interpersonal name generators. Activity generators are
essentially global name generators within the context of a particular activity. These are
typically used in activity diaries as it entails just adding a question aboypite af
contacts the respondent shared an activity with (e.g. alone, with friends, with family).
Interpersonal name generators are used to gain an understanding of the characteristics of
respondent s soci al cont actAsexampldofthishen | i nk
woul d be to use gender homophily and age h
contacts as covariates in a regression of recreational activity generation.
The position generator has seen limited usage in actrael studiesThus,
there is a gap in knowledge on the useful of social capital indicatensgosition
generatorsThe purposes of this study are to:
1. determine if network diversity as measured by a position generator correlates
with activity generation
2. determine if networkliversity aids in the predicative accuracy of models of

activity generationand
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3. analyze differences in models of activity generation that use name generator and
interpreter data as compared to position generator data.

The Pew Internd®ersonal Networks ahCommunitysurvey is used to accomplish these
purposes. This survey includes both a nasrmeegator and position generator, plussks
respondents about their frequency of visits to eight different location fgpsslts show
that, in relation to modelhat use name generator measures of core network size,
homophily, and alter characteristics, models using the position generator to measure
social networloccupationatliversity or extensity have explanatory and predictive power

in activity participatiormodeling.

3.1 Eliciting Contacts in Travel an@ctivity Surveys

The two primary techniques for eliciting contacts in travel and activity surveys are (1)
activity generators and (2) name generators and interpreters. Activity and contact
generators prompt spondents to recall their social networks in connection with
particular events. For example, a survey may ask a respondent to efémsiribost

recent shopping trip by providing location and duration informadimtby describing

with whom the trip wasindertaken with. The name generator is a survey instrument that
asks respondesito list contacts in corection with a particular inquirgbout contacts

who share a type of relationshiyith thislist of contacts, a name interpreter is used to

describe eeh contact and theagonnection with the respondent and other contacts.

3.1.1 Activity Generators
Activity diaries are the primary technique in travel behangsearch for measuring

activity-travel patternsOver the last two decades, activity elicitatexercises in activity
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diaries have begun to ask questions about the individuals who share activities with
respondentsThis technique of acquiring social network data via correspondingly shared
activitieswill be calledactivity generatorgor consistencywith other approacheshis
technique could also be termed agabalname generator (Hennig et al 201&5the
generators listed here do not try to uniquely identify social contamtexampleSener

et al. (2011) usitthe 2007American Time Use Sweywhich provides data on the ene

day activity patterns of individuals. For each activity, the individuals witbnwh

someone shadean activitywerestated (i.e. alone, family, friends, family and friends).

In a study by Lin and Wang (2014), activitavel diary data was collected from
residents of Hong Kong. Their study used both admeactivity generator aralglobal
namegenerator. Theglobal name generatapnsisted of askingespondent&it o r epor t
the number of social contacts (in terms of thebar of people) through all means
including facetof ace, phone calls, email, etc., 1in
guestion to obtain information on the sources of emotional and instrumental support and
social companionship, the quantity of cacts with family and nofamily, and the
kinship-share of total contacts. Additional studies and analyses that use activity
generators include the CHASE survey in Toronto (Habib et al. 2008, Habib and Carrasco
2011) and an activity survey in EindhovératdenBerg et al. 2010, 2012; Artenze et al.

2012).

" Lin and Wang considered an interpersonal name generator instead but were concerned about not
capturing acquintances.
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3.1.2 Name Generators

Name generators are used in a number of studies in travel behavior reEb@rsbction
will summarize the techniques and results from these efforts in the social capital and
socialcooperation research applied to activity behavior and mode choice
Carrasco et al (2008) describes @@nnected Lives Studgn egocentric social
network and activitstravel surveyThis survey used a name generator and network map
for nonhouseholdcontactsthatwere:
l. ipeople whom you discuss important mat:t

wi t h, or are th

D

r e(p. 966) feryyclose contdcklsy ou need

2. people who are Aimore than just caswual a
[somewat close contac}s

These categories were intended to represent the network constructs of strong and weak

ties, respectively. Data collection began with a-fizall name generator using the two

categories mentioned above. Then, a network map, or satipgith four concentric

circles was used to elicit the closeness of the contacts (innermost ring was strongest and

outermost was weakest) and t he tobtaned bet wee

information about eachedalrtaenrk iimge | oufditnhge tahlet

alterés home | ocation, age, alterds relati
Additionally, #fAinformation about the ego's
each altero (p. 971) was obtained.

The Communities in Concepci@iudy (Carrasco and Giklguyao 2012) uska
similar format to Connected Lives Study with a name generator of very close and

somewhat close contacts. This survey expdmh the Connected Lives Study by ek
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guestions abouht directions of social support between the ego and alters. In the
Carrasco and Cidguyao (2012) paper, social support was analyzed along the
dimensions of emotional, monetary, mobility, and employment sugpdheir analysis
of the relationship of caswnership and network capital, they found hat car owner
does not directly influence the frequencies ofiedfer social interaction, and that
personal network spatiality is influenced
analysis showed &t car ownership impacted levels of social support differently
depending on the context. For example, car ownership was more important for emotional
support than incomén a follow-up to theCommunities in Concepcidtudy, a second
wave of responses wasllected fouryears afterward€Qhavezet al. 20150 understand
if there were changes in egetwork compositionSome selected findings from their
analysis of social tie maintenanoeludes that car ownership and income important for
Amai nt ai nomancgg ucacirnet a n ¢ e aneéthavage Horaophilwas 1 1)
important in maintaining and gaining social ties.

An activity and social networks study by Sadri et al. (2015) among undergraduate
students at Purdue University usethiame generator for usea study of egocentric
network measures and activity generation. The name generatovaste following:

From time to time, most people discuss impornaatters with other

people. Looking back over the last one moenthho are the people with

whom ypu discussed matters important to you? Please list only those
people who reside withimdiana. Write down their first name or initials.

(p.7)

Using a name interpreter, t heceagender,lagec har ac
religion, marital steus, income and vehicle ownersbip ( p . -al8) tie attibgtes

included: (1) relationship length, (2) interaction frequency, and (3) spatial proximity.
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Additionally, information on the existence and strength of ties between alter was also
obtained fron the respondent. Using zerdlated poisson models of shared trips by
activity type', homophily and heterogeneity of egetworks impacted activity type in
varying ways. For example, having an eggwork with more similar geter ties

between ego and elisresuledi n mor e fAeating outo shared t

curricular shared trip@As another examplgreater the raai | di versity of an
was correlated witlgreaterquantiteso f feat i ng o u<uyrioulasshavedy, and
trips.

Tilahun and Li (2015) uska name generator to studyperson meeting behavior
for MinneapolisSt . Paul residents. Their survey as|l
closest nofhousehold contacts (up to threEyo-alter characteristics that were obtained
included: gender, age, relationship lengibatial proximity and communication
frequency by contact typ&he survey also asked respondents to provide general
information about their social networks including the following:
T Anumber of c IrespsrElentchasihataheytcemmuricate with at least
twice on a monthly basiso
T Ahow many of these |ive within 3 blocks
as how many live in the state of Minnesota, in the U.S. or outside of the United
Stateso
1T nf ore tofre heir closest contacts that don

week they communicate by phone or other means as well a®fica c e 0

2 The activity types considered consisted of work, eating out, shopping, recreation, stuetrand
curricular.
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1 Anthe home | ocation of these contacts, t
T Abasic demogr aphi c i nihctudingesidercenlocétionr t he
work related variables, and soadoe mogr aphi c variableso (p.
The authors analyzed frequency of contact between each ego and alter pairing (closest
contact alters) with a negatienomial model. Their analysis found tisgatial
proximity hadlittle effect on faceto-face meeting except when distances were large
(about 50 miles or greater). They found that communication that was-petsan may
substitute for ipperson meetings when individuals are sufficiently close. #atdilly,
their findings found that fewer fage-face meetings occurred among between ego and
alter when the alter was male or older but more-tadace meetings occurredhen
there was gender and age homophily.

Kowald and Axhausen (2012) describesaveballsample survey instrument
used to elicit information on interactions between respondents and their social contacts. A
name generator of up to forty contdtis used with respondents asked the following:

1. APl ease | ist the peanptbspendiret ime (ekamptes:y ou m
errands, sports, club or organized activities, cultural events, cooking together or
going out to eat, taking holidays or ex

2. Al f there are other people withlswhom yo
them heredo (p. 1089)

In the name interpreter, respondentyeasked to describe alter characteristics

including: (1) gender, (2) age, (3) education, and (4) civil status. Respondents also

13 Respondents are actually allowed to list additional names on an extra sheet of paper.
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provided the relationships between alters as well asakgaattributes includingpatial
proximity and annual contact frequency. After the name interpreter, a network map /
sociogramwasusedto describe future planned meetings between the ego and their alters.
For a small subset of the sample, an activity dre@ggiven which has an activity
generator that is linked to the name generator. Thus, respocdeidgive the name of
the actual respondents that they shared activities with rather than just a category (e.qg.
family members, friends).
Frei and Axhauser2007) andFrei (2012)detaila similar survey with an
egocentric sampling design. Two name generatergusedwith the following
guestions:
1. Pl ease indicate persons with whom you
you stay in regular contactorwhomy can ask for helpo (p.
2. fiPlease indicate additional people with whom you undertake leisure addvities
(p-195)
The survey then asklindividuals to list any vacations / holidays they have taken with
these individuals and the name of that indialdédditionally, a name interpreteras
used to obtain egalter information on initial meeting conditions, relationship length,
frequency of contact by communication method, last meeting location, and alter location.
Although not explicitly about activiy and tr av,@0lystubliesf eds (20
social influence in mode choice used a hame generator to opttorfiue contacts. In
her studieseach respondent was randomly assigned one of three different name

generators requesting the names of:
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1. nanwe fpeopl e who have been in your soci é

2. Aithe five contacts you have had the mos
past six monthso (p. 77)
3. Anfive people in your soci al octationenl e, wi t
the past six monthso (p. 77)
Foreach alter identified, Pike askede s pondent s about each alter
|l ength, contact frequency, commute mode, a
Respondents were also asked about the sommlection between their egos. Pike found
that the variation in name generators caused differences in the number of alters reported,
the locational distribution of the alters, the relationship length distribution of alters, and

the frequency of contact.

3.1.3 Position Generator

The Pew InterndPersonal Networks and Commurstydy (Hampton et al. 2009) was
undertaken fAto explore the relationship be
size and composition of ¢ oremphddisortsocgkasi on ne
isolation and internet/mobile phone usage. This study included eight questions for
respondents about activity participation over the last month. This study has the unique

feature of including both a name generator and position genetatblampton et al.

(2009, |l ogi stic regression is used to relate

significant contacts to their participation in eight different activity types. The position
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generatoguestions weraot used in their analysis nor kestructural properties of the
network taken into account such as homophily.

Because both a name and position generator are used in this study, the Personal
Network and Community study will be analyzed to determine the explanatory and

predictive power oéach generator for leisure activity generation.

3.2 Case Study Description
The dataset for this case study comes from the Pew Internet Personal Networks and
Community study (Hampton et al. 2009). This survey was conducted in July and August

2008 by the Pewnternet and American Life Project.

3.2.1 Survey Design and Sampling Method

Table 3. Summary of Personal Networks and Community Survey Methodology

Time Frame July and August 2008

Target Population Noninstitutionalized adults livignin the United States, aged
18 and older

Sampling Frame Households with landline phones and individuals with
cellular phones

Sample Design Random digit dialing of landline and cellular phones

Sample Size 2,512 adults

Response Rate 21% (landline), 22%cellular phone)

Use of Interviewer Interviewer administered

Mode of Administration | Phone interview

Computer Assistance | None by respondents

Reporting Unit One person aged 18 or older per household reports for
him/herself and the entire household (lamel), one person
aged 18 or older reports for him/herself (cellular phone)

Time Dimension Crosssectional survey

Frequency One twemonth phase of collecting responses

Levels of Observation Person, Household

Note: Statistics come from Hampton et al.q2Pand Hampton (2011)
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The survey was designed as an interviewer administered telephone survey including both
landline and mobile user$able3 summarizes the design and administration of the

survey”. The survewas broken up into seven modules: (1) internet usage, (2) name
generator, (3) neighborhoods, (4) neighborhood group involvement, (5) position

generator, (6) public spaces, and (7) household and respondent characteristics.

3.2.2 Name Generator

Two name gearators were used in the survey. The first name generator probed for
individuals with whom the respondent discussed important matters. Interviewers recorded
up to five names, and if individuals submitted fewer than 5 names, the interviewer would
attempt tgprobe for more names. This hame generator used the following question:

From time to time, most people discuss important matters with other

people. Looking back over the last six moth&ho are the people with

whom you discussed matters that are impdrta you? If you could, just

tell me their first name or even the initials of their first AND last names.
The second name generator probed for individuals with whom the respondent felt were
Aespecially significant. 0 sandasonedordeddr s r ec
names given from the previous name generator were also repeated. This name generator
used the following question:

Now | etds think about people you know i

the last six months, who are the people eglgcsignificant in your life?

[I[F NECESSARY:BY significant, | mean just those who are MOST

important to yod. If you could, just tell me their first name or even the

initials of their first AND last names. These may be some of the same
people you jusinentioned or it may be other people.

14 Appendix D of Hampton et al. (2009) provides an extensive description of the survey methodology.
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As with the first name generator, if less than five new names are given, the interviewer

probed for more names. In total, up to ten names are possible for this name generator.

3.2.3 Position Generator

A position gener®ar was also used to collect occupational information on the
respondentds | arger soci al net work (relati
generator used the following question:

Next, | am going to ask about types of jobs and whether peoplagau

hold such jobs. These people include your relatives, friends and

acquaintances. Do you h[NBEREN t o know s

ITEM; RANDOMIZE] ? Wh a t [INGER D] IFENECESSARY:
Do you know someone whdIiNSERT]?]

Respondents notified the inteewer whether they knew or did not know someone with
the given occupation. Twentyo occupations were asked about:

1. anurse

2. afarmer

3. alawyer

4. a middle school teacher

5. afull-time babysitter

6. a janitor

7. apersonnel manager

8. a hair dresser

9. a bookkeeper

10.a prodution manager

11.an operator in a factory
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12.a computer programmer

13.a taxi driver

14.a professor

15.a policeman

16.a Chief Executive Officer (E-O) of a Large Company
17.a writer

18.an administrative assistant in a large company

19.a security guard

20.a receptionist

21.a Congressman

22.a hotel bell boy

3.2.4 Descriptive Statistics

For the analysis in this chapter, the initial dataset of 2,512 respondents was accessed and
cleaned. Specifically, individuals were removed who did not disclose political party, race,
age, education, marital staitemployment, home type, and neighborhood residency
length.Additionally, any respondents without core network data was also excluded (i.e.

no responses to the name generaiahle4 summarizes the charactertstiof thefinal

sample ofL,895respondents.
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Table 4. Descriptive Statistics from Analysis of Personal Networks and Community
Study (After Data Cleaning)

. | White 82% < $10k 6%
‘S | Black 11% “EJ $10k$1K 8%
£ | Hispanic 3% | g | $20k$29k 11%
& | Asian 2% | £ | $30k$39k 10%
§ American Indian 1% | 2 | $40k$49k 9%
@ | Other Race/ Ethnicity 2% | @ | $50k$74k 14%
9 | Detached House 73% é $75k$99k 12%
2 | Townhouse / Duplex 5% $100k 16%
g Apartment / Condo 13% Missing 13%
2 | Other House 8% | © Mean 49.2
= 2 [ Median 49.0
» | Married 52% Standard Deviation 17.6
2 | Living with Partner 6% Less than High School 2%
& | Divorced 11% Grades 911 57%
I Separated 2% < High School Graduate or 31%
s | Widowed 10% = GED
= | Never Married 17%| g | Technical / Trade / 204
Single 2% | G | Vocational School
Republican 29% Some College / Associate 24%
2 Degree
§ Democrat 37% College Graduate 20%
% | Independent 28% Postgraduate / Professional 15%
L2 School
S . 0 Full-time 48%
a | No Preferace / Indifferent 6% 405_; Parttime 12%
Other Party 1% | &£ | Retired 23%
«n | None 66% E‘ Unemployed for pay 14%
< [One 14% | £ | Disabled 3%
T | Two 13% | W | Student 1%
L | Three or More 8% Other 1%
One 25% | %
n [} 0,
2 Two 54%| © Female 53%
o 8}
< | Three or More 21%| O | Male 47%

3.3 ModelingMethodology and Formulations

Activity participation is modeled using individual and household characteristics in
additions to measures of social capital from individual social networks. These measures

will be described, and then the model formulation will be provided.
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3.3.1 Ego Network Measuré&om the Name Generator

The features of social networks can create value for individuals. In this case study, the
following egocentric network measures were analyrat the name generatéor their
impact on leisure activity generati¢Borgatti et al. 2013

1. CoreNetwork Size (Degree)

2. Homophily

3. Spatial proximity

4. Alter Attributes (Central Tendency)

5. Tie Dispersion
A description of these different network measures areigedvbelow:
Network SizeThe network size is the total number of alters that the ego repotéesl
core network
Homophily Homophily is a measure of how similar alters are to an ego. It is measured
via the El indeX’ (Krackhardt and Stern 1988):

o o010N

00 S n 0o ()

where:
0 DR k the number of ties between dissimilar pairs

0 DR k the number of ties between similar pairs

An alternative meas uneasureé requireshcempléta hemvérisdat®and thisistudyt h a t
only has ego network data.
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The negative of the Ehdex is used so that a positive value corresponds to greater
homophily.Homophily is measured separately for (1) gender, (2) race, and (3) political
affiliation.

Spatial Proximity The distance between an ego and an alter may impact the frequency of

activities and the types of activities undertaken. In this stsjolgtial proximityis
measured by proportion of contacighe core networkhat live at different levels of

physical distance (e.g. in same home, within 1 mile, more than 100 miles).

Alter Attributes The central tendency of alter attributes impacts the resources,

expectations, and experiences of the ego. This is measur@d felationship typeind

(2) social media friendship statusor each type, proportions of alters in different

categoriege.g. proportion of alters who are family members) is used in the analysis.

Tie DispersionTie dispersion refers to the variation in the category of different ties in an
egooO6s network. This is measured adto(1l) the
have discussions with on important matters and (2) the proportion of alters who are

especially significant to the ego.

3.3.2Ego Network Measurom the Positon Generator

From the position generator, the only egocentric network measure that redbtai
is thesocial network diversitgr extensityia occupational relations hE variety of
occupational groups among the egobdbs soci al

di fferent groups in the egobés networ k.
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3.3.3 Activity ParticipationModel Fomulation

The survey provides seléported data on the frequency of different activities. Eight
activity locations are provided and respondents provide frequency of visits for the last
month. The number of visits recorded is an integer between 0 andwi(regi reported
values greater than 6 are recorded as 6. Because of the hypothesis that larger social
networks would inducactivity participationbinarychoice models are used to model
activity participationwhere anyone who participates in an acfiat least once in the last
month is considered a participaait, p. For the explanatory analysi&i¢ hypothesis

is tested ornwo different network specifications: (1) core network from the name
generatorand(2) alter dispersion from the positiggeneratorThe relevancy of social
networks to activity participation is tested by hypothesis testing on the corresponding
network variables.

For the predictive analysis, five specifications are tested: (1) core network from
the name generators, (2)aldispersion from the position generator, (3) combined
network from both the name and position generators, (4) individual and household
characteristics without social networks, and (5) naive model based on average frequency.
Using repeated holdut validdion over a sample of 250 training and testing pairings, the
models are compared using tsample ttests of correct classifications. Additionally, the
models fit is also computed using adjusted codintvhich is defined as followd-reese
and Long 200):

WEOEDET TADUD | QQQUOHOERE i™d QN EBOavE
[ QAaNOdHQE OERE I"O QN EDDAWE 6 Q

(8)
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A binaryprobit specification was chosen. The latent variable model specification

is as follows:

w T o rao -

5 2@ m X
T Q@ n
where:
a0 k nework indicators for the ego netwoi® from individualn
W k individual and householtkvel characteristics for individual
W k a choice indicator corresponding to the participation in activity &ype
for individualn

IR k model parameters for activity type

- x 0 mp k normally distributed error term of unobserved factors, 11D by activity

type and individual

3.4 Social Networloescriptive Statistics

The social network indicators from section 3.3.1 are dasdrinthis section for the
cleaned datasefor the core network using data from the name generators, the
distribution of core network size is shownHRigure3. The median core network size was
3 alters with a mean of 3.34 alieiThe §' percentile cormetworksize was 1 alter and

the 98" percentile core network size was 7 alters.

62



400
|

300
I

Frequency
200
L

100
I

1 2 3 4 5 6 7 8 9 10

Core Network Size

Figure 3. Histogram of Core Network Size as Measured by Name Generator

Data from the name interpreter atammarized imable5.
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Table 5.

Descriptive Statistics on Core Networks from Name Interpreter

Gender Homophily Median 0.00
Mean -0.02
25" Percentile -0.50
75" Percentile 0.30
90" Percentile 0.30
95" Percente 0.50
99" Percentile 1.00
Racial Homophily Median -1.00
Mean -0.74
25" Percentile -1.00
75" Percentile 0.00
90" Percentile 0.00
95" Percentile 0.20
99" Percentile 1.00
Political Homophily Median 0.00
Mean 0.06
25" Percentile -1.00
75" Percentile 1.00
Spatial proximity Live within Home 27.7%
Less than 5 Miles 19.1%
5-49 Miles 28.8%
50-99 Miles 4.4%
Greater than 100 Miles | 19.9%
Proportion: Especially | Median 0.75
Significant Contact Mean 0.67
25" Percentile 0.50
75" Percentile 1.00
Proportion: Discuss Median 0.67
Important Matters Mean 0.64
25" Percentile 0.40
75" Percentile 1.00
Quantity: Social Media| Median 0.00
Friends Mean 0.10
75" Percentile 0.00
90" Percentile 0.50
95" Percentile 0.75
97" Percentile 1.00
Proportion: Family/Kin | Median 0.75
Relation Mean 0.69
25" Percentile 0.50
75" Percentile 1.00
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Thedistribution ofextensity /social networkoccupationativersity as measured by
number of occupations from the position geator isshown inFigure4. The median
network diversity was 16ccupationsvith a mean of 9.71 occupations. THef®rcentile
network diversity was 1 occupation and th& @&rcentile network diversity was 22

occupations.
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Figure 4. Histogram of Network Diversity as Measured by Position Generator
3.5 ActivityParticipationModel
In this section, results from the exploratory analysis of activity participation using social
capital indicators from a posin generator and name generator are compared. Also, a

predictive analysis is performed in section 3.5.3 on various model specifications.
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3.5.1Exploratory Analysis: Position Generator

Eight independent probit models were estimated for each activity tgsihatiorusing
data on respondents and their households as well as the position geReratireight
models socialnetwork diversity was found to have a significant and positive impact on
activity participation. This confirms the hypothesis thettwork diversity is correlated
with activity participation under th@ssumption that theosition generatan this survey
is a valid indicator of network diversit{ikelihood ratio test results show that for all
eight activity types, the model with netikadiversity variables fitted the model
significantly better than the more restricted model with only-smrial variables.
Estimation results are providedTiable6 and an analysis of the results are provided
below.
Food and Besrage Establishmentgdividual and household characteristics have
significant effects oroffee shoprestaurant (fadibod and other), and bar activity
participation. Specifically, income tends to increase the probability of eating and drinking
out of he home, except in respect to fémdd dining. Fasfood dining and income are
negatively correlated when household earn $100,000 or Bdueation level was
positively associated with dining and drin
types Race tends to not have a significant impact on dining except among African
Americans. Black respondents were less likely to go to csfieps and noefastfood
restaurants.

Apartment living was positively correlated with tripsciffee shopsnd nor
fastf ood restaurants. For marital status, di

respondents were more likely that married respondents tcxofs#e shopsnd barsin
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terms of employment, working paitne was significantly correlated wittoffeeshop

visits but negatively correlated with bar visits. Additionally, disabled respondents tended
to avoidcoffee shopsnd bars but there was no significant effect on their tendency to
attend other dining establishments.

Network diversity was positivelgorrelated with eating and dining outside of
oneds home in all f our wihthegesatest natdalkidiversoyn a |l | y
(19 occupations anore saw an additional boost to their probability to visttoéfee
shop In contrast, individualsvith the lowest network diversity (2 occupations or more)
had an additional deduction in their likelihood to travel to-famtfood restaurants.
Community Center Activitie€.ommunity center activity participation over the last
month was observed in 18%respondents. Community cenfarticipationwas
positively correlated with respondent characteristics of being Hispanic, widowed, retired,
and student. Additionally, community center participation was positively correlated with
education length and sotretwork diversity.
Place of worshifActivities.Place of worshigctivity participation was observéa 57%
of respondents. Specifically, it was positively correlated and statistically significant with
female respondents and black respondents. Additiordéce of worshimttendance was
positively correlated with respondent age and the number of adults in the household.
There was no statistically significant kigear relationship between income gridce of
worshipattendance, but respondents in higtome households were less likely to attend
a place of worship

Home type had no effect gulace of worshi@ttendance nor did education level.

|l ndi vi dual s who | ived with a partner, were
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attenda place of woshipthan married respondents. As compared to fully employed
respondents, respondents with garte employment were more likely to attemglace

of worshipand disabled respondents were less likely. Politically, alRepublican

political affiliationswere negatively correlated wifllace of worshi@ttendance as

compared to Republican respondents. Network diversity was positively correlated with

place of worshimttendance.

Park Activities Park visits were observed in 62% of respondeuseng a prokt

regression model, park visits were found to be positively correlated with education

length, income, and political affiliation with the Democratic Party. Park visits were

negatively correlated with age and the minority groups of black and other (asredmpa

to white). Additionally, respondents who lived in townhouses were more likely to visit

parks than those who lived in detached houses. Students and retirees were more likely to
visit parks than futtime employed individuals. lnomparisorto married repondents,
respondents who were Aliving with partnero
activities and Asi ngl 8ooial mewveripdivergdtyewas feundwe r e |
to be positively correlated with park activity participation.

Library Actvities. Library visits were observed in 35% of respondents. These visits were

found to be positively correlated with length of education and the number of children in a
respondent ds household. Asians were more |
Additionally, income and age was found to be negatively correlated with library visits.
Compared to being employed fdiline, respondents who were employed {piane,

retired, unemployed or disabled were more likely to visit libraries. Social network

diversitywas positively correlated with participation in library activities.
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Table 6. Activity Participation Models Using Position Generator Data

“— © € € 2

82| o2 | 2 | 85| &85 | 58| ¢ _

56 | 82| £ | 28| 8| E5 | § &

o a S 5 88 | 98 EO e

Parameter o o O

Constant -1.33* | -2.05* | -0.25* 1.51* -1.40* 1.48*
Female 0.12** -0.20* -0.22*
Log(Respond 0.45* | -0.38* | -0.41* -0.65* | -0.44*
Household Kids -0.10* 0.13* 0.10* 0.07** | -0.11*
Household Adults 0.17*
White (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Black -0.25* 0.29* -0.49* -0.24*
Asian 0.70*
Hispanic 0.55*
Native-American -0.63* -0.71**
Other Race -0.50*
Log(Household Income) | 0.15* -0.09** 0.21* 0.09** | 0.11**
Income Data Unknown 0.50* -0.42** 0.74*
Income > $100k -0.20* -0.26* 0.23** 0.18*
Detached House (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Apartment 0.16** 0.29*
Townhouse 0.28**
Other Home Type -0.40*
Married (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Living with Partner -0.24** 0.36* 0.75*
Divorced 0.30* | -0.32* 0.41*
Separated -0.48**
Widowed 0.30*
Never been Married 0.35* 0.36*
Single -0.64* -0.48* | -0.63* -0.50*
Employed Fulitime (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Employed Partime 0.28* 0.22* 0.47* -0.27*
Retired 0.36* 0.17** 0.32* -0.44*
Not Employed 0.31* -0.30*
Disabled -0.46* | -0.56* 0.36** -0.75*
Student 1.03*
Other Employ. Status
Republican (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Democrat -0.39* 0.22* 0.17**
Independent -0.15** | -0.60* 0.24*
Indifferent to Party -0.52* -0.40*
Other Political Party -1.55* -1.13* | -0.74*
Education in Years 0.08* 0.22* 0.11* 0.05* 0.10* 0.09*
Network Diversity 0.04* 0.07* 0.04* 0.03* 0.04* 0.07* 0.06* 0.03*
Network Diversity > B 0.47*
Network Diversity < 3 -0.28* -0.23**
Model Statistics:
Log-likelihood -1192 | -1132 | -1101 | -1109 -972 -825 -1075 -951
Nonsocial Loglikelihood | -1224 | -1188 | -1124 | -1127 | -1003 -871 -1132 -962

Note: Blank cells are parameter that westineated but not significant at 95% level (*) or 90% level (**
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3.5.2 Exploratory Analysis: Name Generator

Eight independent probit models were estimated for each activity type / destination using
data on respondents and their households as well asrnteegemerator and interpreter.

For six out of eightnodels core social network size was found to have a significant and
positive impact on activity participation. Core network size was not a significant factor in
participation in fasfood restaurant andab activity generatiorHomophily was

influential in half of theactivity types, but for different alter attributésSpatial

proximity was found to be statistically significant only in the likelihood to visit-fast

food restaurants. Alter attributes mémportant in half of the activity types and tie
dispersion was significant in three moddlkis confirms the hypothesis thadre
networksize, homophilyspatial proximity alter attributes, and tie dispersion are
correlated withrsome forms ofctivity participation.

Likelihood ratio test results show that for all eight activity types, the model with
all variablesfrom the name generatbmterpreteffitted the modekimilarly tothe more
restricted model with only nesocial variablesThis is duea the large number of
additional parameters in the unrestricted mostimation results are provided Tiable
7 and an analysis of the resultscomparison to the results from the position generator
modelsare provided below.

Food and Beverage Establishmemgsults for nonsocial parameters were similar to

those obtained in the position generator models. Core social network size was positively

181f small-network homophily is included (core network size of 1 or 2 alters), then homophily was relevant
for all types. Because of the small network sizes, homophily angrkiportion parameters were estimated
separately to reduce bias due to the small number of values that were possible.
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correlated witlcoffee shomnd norfastfood restaurant visits. Gender homophily aigo
the core network was negatively correlated with visiting bars, while political homophily
was positively correlated with visiting ndastfood restaurantSpatial proximitywas

found to only be significant for nefastfood restaurant trips. When there network
included a higher proportion of alters who live with the respondentfastfiood

restaurant trips were more likekdditionally, having a higher proportion of alters whom
the respondent discussed important matters with was positively tedralah fastfood
restaurant visitBut, having a higher proportion of alters whom the respondent found to
be fAespecially significanto was negatively
Community Center Activitie€ore social network size was$tively correlated with
community center activity participation. Having a higher proportion of alters as friends
on social media websites was positively correlated with community center participation.
Additionally, for respondents with small core netwoniexial homophily was negatively
correlated with trips to community centers.

Place of worshipActivities.Core social network size was positively correlated ywidlte

of worshipactivity participation. Having a higher proportion of alters whom the
respoment discussed important matters with was positively correlatedplaitie of
worshipparticipation. Additionally, political homophily was positively correlated with
place of worshigarticipation.

Park Activities.Core social network size was positivetyielated with park activity
participation. Additionally, having a higher proportion of alters whom the respondent
discussed important matters with was positively correlated with park visits. Higher

proportions of social media friends were found to betpesy correlated with park
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visitation. For respondents with small core networks, gender and racial homophily were
negatively correlated with park activity participation.

Library Activities.Core social network size was positively correlated with librativigy
participation. Higher proportions of social media friends and family ties were found to be
positively correlated with library visitatiofRacial homophily was found to be negatively
correlated with library visits.

Table 7. Activity Participation Model Using Name Generator Data

o o ‘5 =3 P -§ § — § ? E

£2 | 89 | 8 |43 | £3 | E5| § | B

6o lzg| 5 | 83 08| S| ¢

L x 14 O
Parameter

Constant -2.060 | -2.25* | -0.71 1.03 -1.47* | -1.77* | 0.61 -0.34
Female -0.13* | 0.11** -0.18* -0.18*
Log( Respond 0.43* | -0.28 | -0.40 -0.46° | -0.3%
Household Kids -0.09** | 0.14* 0.12* 0.07** | -0.09* 0.08+
Household Adults 0.18*
White (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Black -0.26* 0.35 -0.38* 0.22+*
Asian 0.59%
Hispanic 0.37**
Native-American -0.52¢*
Other Race -0.56*
Log(Household Income) | 0.15 0.22 0.11* 0.13*
Income Data Unknown | 0.50* 0.75
Income > $100k -0.20¢ | -0.35° | -0.27* 0.21* -0.20¢
Detached House (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Apartment 0.24
Townhouse
Other Home Type -0.21** -0.39*
Married (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Living with Partner -0.26* 0.3 0.77*
Divorced 0.25* | -0.37* 0.38*
Separated -0.57
Widowed
Never been Married 0.24 | -0.26° 0.29
Single -0.69 -0.51* | -0.72* -0.68*
Employed Fulitime (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Employed Partime 0.18* 0.37 -0.3%
Retired 0.26 -0.23 | -0.54
Not Employed -0.22* 0.20 -0.19* | -0.35*
Disabled -0.54* | -0.69* -0.42* | -0.78
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Student

-0.67*

0.8

Other Empby. Status

-0.68*

Republican

(0.00)

(0.00)

(0.00)

(0.00)

(0.00)

(0.00)

(0.00)

(0.00)

Democrat

-0.40*

0.19*

0.17+

Independent

-0.53*

0.24

Indifferent to Party

-0.50*

-0.26**

-0.46*

-0.31**

Other Political Party

-1.38

-1.15*

-0.78*

Education in Years

0.10*

0.05*

0.23*

0.12*

0.08*

0.12*

0.11*

Homophily: Gender

0.16*

-0.18*

Homophily: Politics

0.11*

-0.12**

Homophily: Race

-0.16*

Homophily: Gender
(Small Net)

-0.14*

Homophly: Politics
(Small Net)

Homophily: Race
(Small Net)

-0.13**

-0.17*

-0.17*

Proportion: Family

0.18*

Proportion:Social Media

0.25*

0.27**

0.58*

0.40*

Proportion: In Home

0.63*

Proximity. <5 Miles

Proximity: 5-50 Miles

Proximity. 50-100 Miles

Proximity: > 100 miles

Number of Alters

0.06*

0.06*

0.07

0.09

0.05

0.07

Proportion: Significant

-0.31*

Proportion: Important

0.27

0.21*

0.27

Model Statistics:
Log-Likelihood

-1209

-1172

-1104

-1120

-981

-854

-1101

-950

Nonsocial Loglikelihood

-1224

-1188

-1124

-1127

-1003

-871

-1132

-962

Note: Blank cells are parameter that were estimated but not significant at 95% level (*) or 90% level
Homophily pararaeter estimated on the negative of the El index

3.5.3Predictive Analysis

A predictive analysis was also performed simultaneously with the explanatory afalysis

Repeated holdut validation was used due to the speed of binary probit estimatien.

predidive analysis usesix specificationdor each activity typeéested:

1. naivemodelbased omost frequently chosen,

" The model formulations were decided on first from hypotheses about the relationships between network

diversity and core network attritei Then, the explanatory and predictive analyses were performed from

using these formulations. This is why the explanatory and predictive models do not pursue any reductions

in the number of parameter as this could bias the results for the other analysis.
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2. nonsocial modelith individual and household characteristasslwithout social
networks
3. simplecore networkmodelwith data from th@wamegenerators
4. core network with attribugemodelwith data fromthe rame generators and
interpreter,
5. network diversitymodelwith data fromthe position generatpand
6. combinationrmodelwith datafrom both the name and position generatord
name interprer.
Hold-out validation was repeated 250 times for each model specification and the number
of correct predictions was compared. In each validation trial, 80% of the sdrfpt& (
respondentsyas used for validation while the remaining 26#4he sample (3
respondentsyas used for testing\ concern with repeated hetulit validation is that
Asome data may be included in the test set
all, or conversely some data may always fall in the test set and neverhgeice to
contribute to the | ear ni.Becaupehobitledame nuberf aei |
of repetitions used, this is not a concern. This can be tested by representing the problem
as a coupon coll ector 6s pr o)bHoreghedrawing dize gr ou p
and population size for this dataset, simulation results showed that'tper@@ntile
number of repetitions needed for full coverage was six.
Table8 shows thenean prediction count and adjusted cetntfor each model
type and activity type. Compared to the&ivemodel, all model types predicted better on
average for activity typesoffee shopplace of worshiplibrary, other restaurant, park,

and barThenetwork diversitynodel tends to work best these cases, except for the bar.
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No models predicted fagbod restaurant and community center trips better thanafe
model. The adjusted cout , which represents a measure of the proportion of predictive
accuracy beyond choosing the mosgiient option, caps out around 20% additional
accuracy for the activity types best predicted by social capital indicators.

Table 8. Mean Prediction Rate and CourtR? for Activity Participation Models

Model % 2 § @ @ 4 3 2 3 = = T Q‘:?
oY | g8 5 88 | 08 | §EO a
L x O
Naive Model 199.8 | 215.2 | 243.8 | 259.0 | 273.3 | 3094 | 2335 | 273.7
[0.00] | [0.00] | [0.00] | [0.00] | [0.00] | [0.00] | [0.00] | [0.00]
Nom-socialModel 226.5 | 236.3 | 2534 | 256.8 | 279.6 | 309.0 | 252.9 | 278.3
[0.15] | [0.13] | [0.07] | [-0.02] | [0.06] | [-0.01] | [0.13] | [0.04]
SimpleCore Network 229.4 | 2389 | 254.2 | 255.7 | 280.1 | 3094 | 256.2 | 278.2
(Name Generator) [0.16] [0.14] | [0.07] | [-0.02] | [0.06] [0.00] | [0.15] | [0.04]
Core Network+ Attributes | 229.1 | 236.5 | 253.1 | 255.4 | 279.6 | 309.2 | 258.2 | 276.2
(Namelnterprete) [0.16] | [0.13] | [0.07] | [-0.03] | [0.06] | [0.00] | [0.17] | [0.02]
Network Diversity 234.7 | 249.4 | 255.1 | 259.2 | 283.4 | 308.2 | 260.4 | 278.1
(Position Generator) [0.19] | [0.21] | [0.08] | [0.00] | [0.09] | [-0.02] | [0.18] | [0.04]
Combination:Core 232.0 | 248.2 | 254.7 | 257.9 | 283.2 | 308.0 | 263.3 | 276.7
Network + Diversity [0.18] | [0.20] | [0.08] | [-0.01] | [0.09] | [-0.02] | [0.20] | [0.03]
Note: In each cell, top number is the mean number of correct predictions on the test set.
In each cell, the number in sqaearackets is the Adjusted Cotixit for the correct predictions versus
the naive model.
Shaded cells represent models in which the mean Adjusted-Jounttat the 99% level.

To formally test the predictive accuracy of the learning modelssamaple statistical
hypothesis testare used (Refaeilzadeh et al. 2008@del comparison began by testing
for equivalence of variances before proceeding to testing for differences in mean
prediction counts. A Bartlett Testdble9) was used to determine if the \zarce of the
prediction distributions were similafor each activity type, each model had a similar

variance in its prediction count. Next, the models are compared using poolsdrtyate

t-tests of correct classifications.
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Table 9. Bartlett Test of Variance Equality Results for Crossvalidation of Correct
Predictions for Activity Participation

G o IS % % =)
[} = c 5

Test Statistic £ % § g g ':; 2| £3 £ S s 8
I NIHSGGQa 3.6% | 1.031| 5.323| 0.184| 1.371| 1559| 0467| 1436
p-value 0600| 0960| 0.378| 0.999| 0.928 0906 | 0.993| 0.920
Reject Null Hypothesis | Failto | Failto | Failto | Failto | Failto | Failto | Failto | Failb
of Equal Variances? Reject | Reject | Reject | Reject | Reject | Reject | Reject | Reject

The ttest results are shown Trable10. Generally, the predictive power of
models using the position generator data was greatestiown in theninth and tenth
rows of Table10, thenetwok diversitymodelstended to ba better predictor than the
simple core networkndcore networlwith attributesmodels Additionally, thenetwork
diversitymodelswere better predictive models than gwmple core networknodels
except for activity typedibrary, community center, and ban. only one casé for park
activitiesi wasthe combinationmodelsignificant better at predicting activity
participation tharthe network diversity modeBut thecombinationmodels tended to be
better than theore retwork with attributesnodels in most cases.

For all activity types except fafbod restaurant and community center, models
with nonsocial and social network data performed better thanahemodel
Additionally, thecore networkwith attributesmodds were found to be equally predictive
as thenonsocialmodel in all cases except park and coffee shop activity participation.
This effect may be attributed to overfitting as toee networkwith attributesmodels

uses a large number of neignificant paameters.

76



Table 10. Two-Sample T-test Results forCrossvalidation of Correct Predictions for
Activity Participation

G o S % % )
[} —_ — - o
Hypothesis Test L8| g5 g 23| &3 é g E N
Conditions 86 | 8¢ 8 Be | 85 €3 o @
[ | T 0 D 50O
L x x O
odq Reject | Reject | Reject | Accept | Reject | Accept | Reject | Reject
(o]} (<0.01) | (<0.01)| (<0.01) | (0.999) | (<0.01) | (0.725) | (<0.01) | (<0.01)
0d ' Reject | Reject | Reject | Accept | Reject | Accept | Reject | Reject
0dq ‘ (<0.01) | (<0.01) | (<0.01) | (1.000) | (<0.01) | (0.589 | (<0.01)| (<0.01)
0d ' Reject | Reject | Reject | Accept | Reject | Accept | Reject | Reject
04q ‘ (<0.01) | (<0.01) | (<0.01)| (0.379) | (<0.01) | (0.963) | (<0.01) | (<0.01)
0q Reject | Reject | Reject | Accept | Reject | Accept | Reject | Reject
od (<0.01) | (<0.01)| (<0.01) | (0.933) | (<0.01)| (0.984) | (<0.01) | (<0.01)
0d ‘ Reject | Accept | Accept | Accept | Accept | Accept | Reject | Accept
‘0d ‘ (<0.03) | (0417 | (0.636 | (0.976) | (0508 | (0.349 | (<0.01)| (0.998
0d ‘ Reject | Reject | Reject | Reject | Reject | Accept | Reject | Accept
o¢ (<0.01) | (<0.01)| (<0.01) | (<0.01) | (<0.01) | (0.881) | (<0.01) | (0.631)
ogq Reject | Reject | Reject | Accept | Reject | Accept | Reject | Accept
od¢ (<0.01) | (<0.01)| (0.039 | (0.069 | (<0.01)| (0.940) | (<0.01) | (0.986)
0d ‘ Accept | Reject | Accept | Accept | Accept | Accept | Accept | Reject
0d ‘ (0.354) | (<0.01) | (0.065) | (0.326) | (0.258) | (0.604) | (0.997) | (0.003)
0d ' Reject | Reject | Reject | Reject | Reject | Accept | Reject | Reject
0dq ‘ (<0.01) | (<0.01) | (<0.01)| (<0.01) | (<0.01) | (0.942) | (<0.01) | (<0.01)
0q ' Reject | Reject | Accept | Reject | Reject | Accept | Reject | Accept
0dq ‘ (<0.01) | (<0.01) | (0.109) | (<0.01) | (<0.01) | (0.905) | (<0.01)| (0.593)
0d ' Reject | Reject | Reject | Reject | Reject | Accept | Reject | Accept
0dq ‘ (<0.01) | (<0.01) | (0.017) | (<0.01) | (<0.01) | (0.974) | (<0.01) | (0.240)
0d ' Accept | Accept | Accept | Accept | Accept | Accept | Reject | Accept
‘0d ‘ (1.000) | (0.952) | (0.551) | (0.965)| (0.624) | (0.655) | (<0.01) | (0.969)
Note:Hypot hesi s tests performed at 95% confi de
hypothesisOand AAcceptodo mead@.ing to fail to re

The number in parentheses is theglue for the coesponding test.

Cells in which the null hypothesis is rejected are shaded in gray.

ng = simplecore networkwith only name generator data

ngi = core network with attributes model with only name generator and interpreter data
pg = network diversitynodelwith only position generator data

combo = combination model with both name & position generzﬂmirname interpretedata
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3.6 Summary

This study found that social capital is correlated with activity participation similarly to
research done iBadri et al (2015) and Tilahun and Li (2019)hus this research
contributes by increasing knowledge on the applicability of social capital in activity
travel modelingThe name generator was found to be a valid instrument for determining
activity participation fomost activity types studied as shown in previous research.
Additionally, some measures of social capital including homophily and heterogeneity
were found to be correlated with activity participatiSimilarly to Tilahun et al. (2015),
spatial proximitywas found to typically not impact activity participation for contacts
located within 50 miles.

Network diversity as measured by a position generator was found to be a
reasonable explanatory covariate and predictive variable for activitgipation.
Explaratory models showed that social network diversity was positively correlated with
all activity types. Although this was not an exhaustive study of leisure activity
generation, these results suggest that network diversity and activity choice are related, but
the direction of influence is unclear. Future research with full activity diaries and
measurement or modeling designs to account for directionality of influence is suggested.
Additionally, becausthis is not an exhaustive list of activities, activity stvaints could
not be imposetut should be considereButure work should usaore activity type$
and possibhall activity types such as in Sadri et al. (2014).

This conception of social capital and activity participation requires further
discussionThe sition generator providesnew tool for activity diary & travel survey

that is contenfree andstructurecentric But, des it need to be tailed to transport and
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activity?Wh at i s meant bhyow twaalliod eidigpb tresigedes itsheor
linking to social resourcgdin 1982) in this contegt It is possible that network diversity
enables greater access to opportunities to socialize and share experiences. These
opportunitiesare social resourceghich areassociated with specific aciiles. The
individual then chooses to partake in these activities to asoe&s resourcesMore
activity-travel researchsingposition generatsrcould serve t@mpirically explore this
theory.

Network diversity has not been applied in existing travel activity behavior
research but this study suggests theait be considered in data collection effoata
from a position generator was found to be more predictive than name generator and
interpreter data for some activity types. This may be msiag technique for
incorporating social capital indicators in travel and activity diaries with less respondent
burden. Name interpreter are burddby recall concerns and the number of questions
needed iIis exponent i al | ynetwoekl By toptrdst, th®pogitibre si z
generator question countiscomsta i n si ze relative to a per s
are warranted with position generatas the professions chosen will impact its validity.
Although this study did not analyze timepact of social class and prestige on activity
participation, analysis of these would warrant additional design considerations for the
position generator. Additionally, it is unknown whether the number of occupations used

in a position generator would pact model estimation for activity participation.
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ChaptSernsdi:ti vity of DiSocieale Chol
Di ver si tsy flrnadm cRaa soirt i A nCaGea e3 tau i)

Table 11. Chapter 4 Summary

Usinga network diversity indicator from a position generator is new
activity-travel analysis as posited in Chapter 2. $@mesitivity of
choice models to th@esign ofposition generator questisms
unknown. Thus, understanding the robustness of lengtteof t
questionnaire list may provide insight into position generator lis
length and its effect on model fit and parameter estimation in ck
models using network diversity indicators. A case study using t
Pew Internet Personal Networks and Communityesyis
performed to explore the effect.

Background &
Brief Summary

Existing researcnto the robustness of position generators is limite
Results tend towards evidence that for measuring the extensity
oneds soci al net wor k and astc

Motivation design in position generator is robust to changing the listed

occupational types. Its limited use in travel behavior analysis al

motivates understanding its robustness in designing activity suf
to incorporate position generator questions.

1. Model fit was found to significantly improve for all sizes-(21
occupations) of the occupatidist in the position generator

2. Bias and variablitity in parameter estimates were found to be rg
as MSE results were low and steady until occupationailie
decreased to about 10 to 15 occupations

3. Similarly, bias and variablitity in parameter ratios were found to
robust as MSE results were low and steady until occupational |
size decreased to about 5 to 10 occupations

Results

1. The dataset wasot designed specifically for understamglthe
activity process as thoroughly as focused activity diaries

2. The results cannot generate theoretical insight on its own, but ¢
time it could become part of a portfolio of work showing practicq
proof of therobustness of network diversity indicators from
position generators

Limitations

The analysis in Chapter 3 showed the relevance of social network diversity in a discrete
choice model of activity participation. Network diversity was not measured directly, as

the wholenetwork of the respondents was not questioned. Network diversity was
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indicated from data obtained with a position generator question. This position generator
entailed providing a list of different occupations and asking respondents if they knew any
person on a first name basis, with any of these occupation. Respondents who had
network connections among more occupations are assumed to have greater network
diversity and greater access to networked resources. But how does the design of the

position generataaffect this indicator of network diversity? And how does the this

indicatorodos design and measurement affect

position generator questions? Few studies in the existing literature have attempted to
answer this question.

Verhaeghe et al. (2013) studied the use of different occupational list in measuring
network diversity indicators. Using a parallel test experiment, they test thirteen different
position generator measures on two different occupational lists of equallsgzefound
that the total number of accessed occupations was equally measured between each list,
but that the other measuraissocial class and prestige/status were less reliable.

Hallstenet al. (2015panalyzes the impact of each occupation from-a 40
occupation position generator on a composite measure of social capital. Their study
analyzes data from a study on social capital and labor market outasmgs jackknife
procedure to determine each occuplauch onos
as uppessecondary school grades, number of daily contacts with others, and
employment. Results showed that some occupations such as medical doctor, engineer,
and university student had stronger impacts on these factors than other occupations. In
addition, some occupations reduced the strength of the composite social capital measure.

Additionally, Hallstenet al. (2015) also repeat the jackknife procedure by removing sets
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of ten occupations. They found tiats o me combi nati ons eof occupa
mainly statistical noi se to the measureo (

These studies present some promising results on the robustness and limits of
position generation, but have some limitations. The specific results of each study are not
generalizable. Position generatase different occupation lists and samples are gathered
in different locations. The prestige, reputation, and social class of occupations change
between and within countries and cultures. But, the results on the extensity or total
networkoccupationadiversity show some promise of being more confeed (Hallsten
et al. 2015)

Inthischaptert he ef fect of the positii®n gener a
analyzed fodiscrete choice models that use a social capital extensity indicator (total
networkdiversity by occupation). Using a case study on activity participatiorn; a 22
occupation positionenerator is reduced in size. At each level of list reductrmdel fit
and parameter bias is asses$&gbsults providadditional supportor the robustnessf

extensity to occupation list size.

4.1 Methodology

The sensitivity analysis based on the case study inapter 3. Using the Pew Internet
Personal Networks and Community study (Hampton et al. 2808)e datasete

position generator from this sty is used in models of activity particip@at using binary
probit modelsThe effect of occupation list length on model fit and parameter estimation
are assessed by comparing likelihood values and the mean squared error (MSE) of

parameter estimates.
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4.1.1Model Formulation

The model follows similarly to the activity participation models using indicators of social
network diversity from the position generator. The model varies by representing the
network diversity as the proportion of occupations knowmtmdividual from the

position generator. This model is equivalent to the model in section 3.3.2 since the
number of occupation known is proportional to the proportion of occupations. But since

in the sensitivity analysis, the size of the position genecdtanges, the parameter

estimates cannot be compared unless they are normalized. Using the proportion of known
occupations rather than the total number of occupations accomplishes this normalization.
A binaryprobit specification was chosevith the following specification:

& Te o -

p Q@ ™ (10
T Q@ m
where:
W k individual and householvel characteristics for individual
0 Q k socal networkdiversity indicatorfor individual n and position
generatoiQ, equals the number of occupations that the individual
knows divided by the number of occupations in the position generator.
() k a choice indicator corresponding to fieaticipation in activity typa
for individualn
I R k model parameters for activity type

- x 0 mp k normally distributed error term of unobserved factors, 1ID by activity

type and individual
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4.1.2 Sensitivity Analysis Design

The sensitivity analysis is performed by reducing the size of the position generator in
section 3.2.3. This is done through two techniques: (1) complete enumeration of
occupation combinations and (2) sampling of occupation combinations. Complete
enumeratiorentails estimating the model from section 4.1.1 on each combination of the
22 occupations in the positon generator for a given position generator size. For example,

for a position generator of size 20, or 231 combinations of the occupations are

enumerated over. Complete enumeration is practical for position generators of size close
to 22 or close to 1 due to the definition of a combination. Sampling of combinations is
performed for position generator sizes where more than 10,000 combinatiors@ed.n

For these cases, as showTable12, a sampling of 10,000 combinations was used.

Table 12. Combinations Used in Analysis at Different Position Generator Sizes

Position Generato| Combinations:  combinations
Size,s3 ss Used in Analysis|

21 22 22

20 231 231

19 1540 1540
18 7315 7315
16 74613 10000
14 319770 10000
12 646646 10000
10 646646 10000
8 319770 10000
6 74613 10000
4 7315 7315
2 231 231

The sensitivity othe network diversity indicators on model estimation is
measured in three areas: (1) model fit, (2) network diversity parameter estimates, and (3)

parameter ratios. The model fit is correlated with the likelihood function as this measures
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how well the modeeand its parameters correspond to outcomes from the dataset. The
likelihood for eachmodel of activity typanis measured based on the standard likelihood

function for a traditional binary probit model:

fiff 1 R o

wl B & 10 Q 11)

p @1l g BFfw rvQ
Additionally, the likelihood ratio test is used to test for model selection by comparing the
fit of model with a social diversity indicator to a reacial model without an indicator.

The social network diversity paratee estimate describes the strength of the
impact of social capital on activity participation. Additionally, the parameter ratios are
also another measure often usedliscrete choice model because it is s@tsitiveto
changes in model scalearameteratios are useful for describirtige relative impact of
network diversity on activity participatian relation to norsocial factors. To understand
if the size of a position generator impacts these measures, nornméaedsquared error
is used to determe how position generator design affects the bias and variability of

estimates of network diversity measures.

4.2 Model Estimation Results

Eight independent probit models as specified in section 4.1.1 were estimated for each
activity type / destination sy data on respondents and their households as well as the
full position generatadata (i.e. size 22Yhe nodel resultshown inTable13were

nearly identical to results from the analysis in Chapter 3.
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Table 13. Base Estimation Results with Position Generator of Size 22

“— © € € 2
$g ez | & | 85| 85| 58| « .
= S 2 © ol £ ES @ s
c® | zg| 3 | 88|08 | ECc | ¢
Parameter e o O
Constant -1.55 | -2.05* | -0.25* 1.46¢ -1.4% 1.40
Female -0.12** | 0.13* | 0.12** | -0.20* -0.21*
Log(Respond 0.44 | -0.38* | -0.42 -0.66 | -0.44*
Household Kids -0.17* 0.13* 0.10* 0.07** | -0.10¢
Household Adults 0.17*
White (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Black -0.32 0.28 -0.50¢ -0.25
Asian 0.70*
Hispanic 0.55*
Native-American -0.62 -0.71**
Other Race -0.52
Log(Household Income) | 0.13 0.22 0.09** | 0.12*
Income Data Unknown 0.45 -0.40* 0.74*
Income> $100k -0.21* | -0.32* | -0.26* 0.23** -0.17** | 0.18*
Detached House (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Apartment 0.16** 0.29*
Townhouse 0.29*
Other Home Type -0.40*
Married (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Living with Partner -0.24** 0.35 0.75*
Divorced 0.31* | -0.3% 0.41*
Separated -0.48**
Widowed 0.30*
Never been Married 0.35* 0.21** 0.36*
Single -0.65 -0.49 | -0.65 -0.50*
Employed Fulttime (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Employed Partime 0.28* 0.22* 0.47* -0.27*
Retired 0.36* 0.17** 0.32* -0.44*
Not Employed 0.31* -0.31*
Disabled -0.44 | -0.57 0.36** -0.76
Student 1.03*
Other Employ. Status
Republican (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)| (0.00)
Democrat -0.39* 0.22* 0.17**
Independent -0.15** | -0.60* 0.24*
Indifferent to Party -0.52* -0.41*
Other Political Party -1.54 -1.13* | -0.74*
Education in Years 0.08* 0.22* 0.11* 0.05* 0.10* 0.09*
Network Diversity 1.06¢ 1.49% 0.95 0.81* 1.1 1.55 1.5 0.70*
Model Statistics:
Log-likelihood -1195 | -1133 | -1102 | -1111 -976 -825 -1076 -951
NonsocialLog-likelihood | -1224 | -1188 | -1124 | -1127 | -1003 -871 -1132 -962
Note: Blank cells are parameter that were estimated but not significant at 95% level (*) or 90% leve
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Thenetwork diversityparameter estimates and parameter ratio between the network
diversity and theducation in yeardemale number of kidsandincomevariables are
assumed to represent the true model and are used as the base model for the sensitivity

analysis.

4.3 Sensitivity Analysis
The sensitivity analysis compares models estimaiteplosition generators of size smaller
than the full size of 22 occupations. This is accomplished through observing:
1. Changes in Model Fias measured through changes in the likelihood function and
likelihood ratio tests
2. Bias and Sensitivity in Network [@isity Parameter Estimates measured by
the normalizedMSE

3. Bias and Sensitivity in Parameter Ratemsmeasured by the normalizZd&E

4.3.1 Changes in Model Fit

Model fit as assessed using the-ldglihood and likelihood ratio test. In all activity

types, the network diversity indicator significantly increased the model fit as assessed via
the likelihood ratio test for one degree of freedom. Model fit was expected to worsen as
the occupational list length of the position generator decreased. ResulSidgure5

show that the general trend of model fit worsened as the occupational list decreased. The
mean loglikelihood values decrease at an increasing rate as list size approaches zero. The
largest rate decreases tend to odoutess than 10 occupatiorsithough this occurs,

even when models are estimated on position generators with an occupation list of two,

the model fit is still significantly better than the rsocial model. The mean lognd &
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percentile logikelihoods correspond to likelihood ratio tests that reject the null

hypothesis of the nesocial model having equivalent fit.

Coffee Shop Place of Worship
2 2 ] 8 |
J =
i g
o T o T
o 2 S & Q
o & - o = o o
£« £ 7 £ £
T T T
g - o = g
= = = =2
o v o o o - 7
o o =4 o
= - = —
8
g 2
- T T T T T ‘t. T T T T T T T T T
0 g 10 15 20 i 5 10 15 20 0 5 10 15 20
Position Generator Size Position Generator Size Paosition Generator Size
Fast-Food Restaurant Other Restaurant Community Center
g Z 7] B
= 4 - 24
= a | - e
o o 7 T
8 = 8 = g -
£ T £ 37 £ -
2 2 g £ g
T g T % T %
[= [=)] [=)]
o — (=] w o
o 2+ -4 g
. £
g | g
= - o
- £
T T T T T T T T T T T T T T
o 5 10 15 20 0 5 10 15 20 o 5 10 15 20
Position Generator Size Pasition Generator Size Position Generator Size
Park Bar
=
o 24 e
o o
o o
£ B £
] T
z g £
1 T 4 [
om = o
o ' o
— —
g
' T T T T T T
o 5 10 15 20 o 5 10 15 20
Paosition Generator Size Position Generator Size

Figure 5. Log-likelihood by Position Generator Size and Activity Type

Additionally, looking at the 98-percenile log-likelihood values (denoted by the upper
dashed line in each plot), some combinations of occupations provided better fit than the
full 22-occupation position generator. This may be attested to statistical noise which may

provide support for prior eims of statistical noise that some irrelevant occupations may
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add (Hallstenet al. 2015). This could be tested in future work by regressing log

likelihood percentile on the inclusion of specific occupations.

4.3.2 Bias and Variability in the Diversity Rameter

TheMSE s used to assess the bias and variability in the social network diversity
parametef . To allow comparisons between activity types, this measure is normalized
by dividing it by thg obtained from the model estimation with the&@Zupation

position generatoResults are shown fRigure6.
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For most activity types, the normalized MSE remains steady near zero as the
occupation list initially decreases in size. This shows that if thec2@pation list is
believedto faithfully indicate network diversity, then using smaller lists will create
similar results. Theimilarity in estimates tends to occur until the list reduces in size to
between 10 and 15 occupatioifis lower bound of similarity correlates with theSHE
of the nonsocial model (i.e. zero occupation model) as the models with the largest bias
and variability have the greatest lower bound. This effect is seen in the community center
and park models where the MSE noticeably increases above zero arowudijétions.
Additionally, the other restaurant model exhibits a similar change but itsowal MSE
is notas great.

After reaching the lower bound in similarity, the MSE of the diversity parameter
estimate increases. The general trend in the bias aiadbNity of estimates is growth at
an increasing rate as occupational list size decreases. As expected, maximum bias and
variability are obtained with the nesocial model. For all activity types, the rate of

increase in MSE accelerates between a gt sf two occupations and no occupations.

4.3.3 Bias and Variability in the Ratio of Parameter Pairs

Since the variability of a model can change as covariates change, using parameter ratios
is another popular approach to determine the validity of a modeiause its estimates

in applicationsParameter ratio estimates were found to be more robust to occupational
list length changes than diversity parameter estinfages-igure?7). The MSE,

normalized by the respective parametgio estimated with a 28ccupation list Table

14), remain steady near zero until the list reduces in size to about 5 to 10 occupations.
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Table 14. Parameter Ratio Results for Positon Generator of Size 22

G o IS % % 2
) qg)_') g o < F = o5 Se x =
Parameter Ratio 5 c o0 o ol £ 3 €S 3 3
ov 1 8 2 88 | 0% | €O o
L x | 8
Education / Diversity 0.0772| 0.0182| 0.2298| -0.0265| 0.0969| 0.0343| 0.0677| 0.1322
Female / Diversity -0.1094| 0.0855| 0.1220]| -0.2426| -0.0177| -0.0441| -0.0424| -0.3059
Kids / Diversity -0.1009| 0.0892| 0.1085| 0.0829| -0.0943| 0.0278| 0.0378| -0.0672
Log(Income) / Diversity| 0.1205| -0.0118| -0.0906| 0.0580| 0.1967| -0.0311| 0.0622| 0.1663
Note: Shaded cells denote ratios where both paras@tesignificanto at least 90% level.
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Some caution is warranted with these results since parameter ratios guaranteed to
have finite moments. This is because the parameter values are not fixed such that the
absolute value of the parameter isiin. A value of zerdor nearly zerpfor the diversity
parameter would cause an undefijedvery largeyalue thus making moment
calculations impossible. This is what happens with the results from tlaetbaty

models where the absolute value ofgmaeter ratios for some estimates was over 50.

44 Summary

Using a network diversity indicator from a position generator is new to aetiairg!

analysis as posited in Chap&IThe sensitivity of choice models to the design of

position generator questie is unknownWith existing research into the robustness of
position generators being limited, the study in this chapter presented additional empirical
evidence in support of the claim that position generators are robust in the measurement of
extensity /social networloccupationatliversity.

Results showed that model fit was found to be significantly better than-a non
social model for all sizes (221 occupations) of the occupation list in the position
generator. Bias and variability in parameter estamavere found to be robust as MSE
results were low and steady until occupational list size decreased to about 10 to 15
occupations for most activity types. Similarly, bias and variability in parameter ratios
were found to be robust as MSE results weredod steady until occupational list size
decreased to about 5 to 10 occupations.

Future work could test the strength different occupations contribution to

representing extensity. Additionally, other travel and activity contexts could be analyzed
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to contrbute additional empirical evidence to support the claim of robustnesty,
other indicators of social capital from position generators (e.g. upper reachability of
network access, prestige and social class of occupational relations) could be tested for

their robustness to the design and length of position generator questions.
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Chapt eMi sspecification
I | uence

Model s of Soci al n f

Table 15. Chapter 5 Summary

This chater details a simulation study design to analyze the effect
misspecified social networks on social influence choice model
estimation. A simulation study of random additions and omissiq
of social ties is performed to measure the accuracy of thehiaai
ratio test and the biasness and variance in social influence
parameter estimates for binary choice models of conformity wit
smallworld social networks.

Background &
Brief Summary

Social network data collection can be affected by missing data ang
measurement erroyet applied social influence choice models of
ignore this. Gaining an understanding of the estimator propertig
these models under data misspecification can guide methodsla
on ways to handle the misspecification as well as aid applied
modeleran understanding potential pitfalls in their analyses.

Motivation

1. Network shape was found to not impact estimator bias and
variability nor did it impact model selection

2. Social influence parameter estimates began to lose accuracy a

Results model fit reduced afteabout 15% to 30% of network ties were
changed

3. Individuallevel effects parameter estimates remained unbiased
social influence parameter estimates became downwardly bias

1. The results are specific to the network density in the simulation

Limitations An exhaustive analysis of the effect of density was not undertal

5.1 Motivation and Problem Description

Assume that we have a target population of individuals N that are connected via a social
networkG i with the social connections of an individuedienoted byQé¢ . The modeler
acquires data from the population of interest, specifically some social network data is
acquired through a collection processThis network collection process transforms real
social networks into a mathematical representatioiiy © "Qe- where"Qés the

acquired network data. This network collection process often is imperfect due to:

94



1 RepresentationProperly representing the true social network structure can be
difficult due to data collection constraints such as survey adnatigsircosts and
time, privacy, and determination of network/population boundaries. Additionally,
the task of choosing an appropriate mathematical representation can be
troublesome such as choosing between directed and undirected networks or binary
or valual edge weights.
1 Missing Data There can be issues with missing network ties or nodes in social
network data. An (2011) summarizes reasons for missing data by Handcock and
Gile (2007). Prominent examples of missing data include: nonrandom sampling of
subjeds, missing network ties, not fully traced network ties, absence or attrition
of subjects, and missing nodal or tie covariates.
1 Measurement ErrorMeasurement error in social network data occurs when the
data collector is unable to correctly collect altisbties and nodes in a network.
An (2011) gives several reasons for this such as ambiguous survey questions (e.g.
varying definitions of friendship), misreporting of social contacts, respondent
sensitivity (e.g. income), and inaccurate data input.
Thesemperfections lead to a situation whé@ "O and thus models which depend on
G but us€é@enay lead to biased results and conclusions. In the travel behavior field,
sources of network data errors may include:
1 Respondent Recall
1 FixedRecall Surveys /rlincated Network

9 Indirect Sources of Network Data
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The simulation study in Section 5.2 covers examples of missing data and measurement
errorrThi' s workoés purpose is to provide guidan
the amount of tidased error whicls tolerable for determining if a social influence

effect is present as well as the bias i n m

5.1.1 The Name Generatoros Data Represent a

To formalize this in a binary choice context, start with a choice hmadexercise where

the model is assumed to have a similar specification to the true data generating process.
For a binary choic®&, an individuain must choose between performing an action

@ p or not performing that actiotd p. For a binarydgit model of conformity

and utility maximization, this data generating process may have the following form:

w

A) _ "l ! 1 L1
P To . e h gEN D
12
o p QM T
p QUMW T

Note that the union of all individuaentric social contact®¢ H £ is equivalent to the

entire social network for the population:

Q¢ O (13)

18 The decisions are mapped td {+1} rather than the more familiar {0,1} to simplify the model
specification. In this way, the utility difference between doing and not doing an action can take a simpler
form in the specification of the endogenous sacitlience term.
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When the modeler obtairise social network dat&@& @with corresponding individual
level contactSQ € ), the modeler estimates a model on this observed network data, and

the following model is estimated:

|) AY (b h l 1 N LI4
fw N on A END
(14
o p QM 11
p QM 11
where:
" k the observed/measured social contacts of individ@iday be
di fferent than thatactgyndi vi dual 6s
IR k estimates of the corresponding model parametrs

Since’@x may not be equivalent f®Q¢ , then changes in the model estimation
properties will likely be due to the difference in the social influence mechanism term
between eqations(13) and(14):

W W

£GE & £0t & (15)

N N

When the estimators are unbiastin the expected value of said estimator
eqguals the true value, and accordingly, as the sample size increases, the sample mean of
the estimator should converge to the true value. For the binary choice model above, this
corresponds to:
O] 1h 0Of I (16)
When analyzing if social influence occurs in a population and a decision process, the

social influence parameter in the choice model has importance in model application. In
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particular, it has major influence on tbguilibrium properties of the model and on the
speed by which behavior permeates through the population (or whether it permeates at
all). There is a gap in knowledge about the size of the sample needed to accurately
determine the magnitude of the socrdluence parameter. Specifically, the magnitude of
this parameter has important implications on lomg behavior and the equilibrium

properties of specific simplified models have been analyzed in the econometrics field.

5.1.2 Equilibrium of Binary ChoiceModels of Social Influence

In traditional discrete choice models, behavior is determined by exogenous and static
attributes of the individual and alternative. But in contrast, endogenous social influence
models include endogenous feedback effects. Witlaksgillovers, individuals are
adopting new alternatives which induce others to change to that alternative which induces
even more people and so on. Under these assumptions, equilibrium may be achieved at
some point and individuals will stop switchingwetn alternatives. Equilibrium analysis
is important for two primary reasons: (1) it is a lawg behavioral outcome and (2) it
provides a metric to compare results from different model specifications.

Blume et al (2011) shows that for binary choice meaélconformity with

networks of noroverlapping large cliques, the equilibrium field effect for a gréups:

a O Qo J4a Q0 a7
where:
O k the cumulative distribution function of the unobservables
@ k the distribution of individualevel characteristics over the pdation
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Typically, solving this fixeepoint problem is analytically difficult since equati(iv)
often does not have a closed form. For a random sample of §\ith Y membersg

can be approximat by:

Olw® 12 14 (18)

>
BIES

Brock and Durlauf (2001) derive equilibrium properties for a simplified binary choice
modef® where all individuals have the same individiealel characteristicso ~ ah! ¢,
and the only source of heter-ofssammngay i s Vi
scale parameter equal to one, the equilibrium market share for the binary choice field
effect model is:
a* OATwET G” (19

Using the properties of the hyperbolic tangent function, Brock and Durlauf (2001)
observe the following conditions for multiple equilibria:

1. For pandw 1, multiple equilibria exists with three roots (one positiveg

negative, and one zero).
2. Fon pandw T, either single equilibrium or multiple equilibria may exist,

depending on whethevis greater than or less than a threshuazl

Although models in practice will not have homogeneous agents, it is imptartant

realize that multiple equilibria are possible. Since models with heterogeneous agents are

9 Brock and Durlauf use choice st ph p to simplify their mathematical formulations. Their
formulation allows them to multiply each coefficient by +1- bl(dependlng on the alternative) thus
making the difference in utility equaltof @ [Q 1@ .
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analytical intractable, numerical analysis is needed to determine equilibrium properties.

Using equatior{18), Fukada ad Morichi (2007) use numerical fixgabint methods to

determine equilibria for a binary choice model of bicycle parking. In contrast, Dugundiji

and Gulyas (2008) analyze temporal dynamics for a nested logit model of mode choice

using agenbased simulatorBy updating individideael s6 expec
market shares over many iterations, their simulated market shares converge to stable
equilibria.

It is also important to note that analytical results have not been derived for general
nonreflexive socal network structures, which are the focus of the work in this chapter.
loannides (2006) provides analytical results for simplenefiexive structures including
thestar, circular, andlinear pathnetworks. The details for determining the number of
equilibrium®, which are more complex, are not directly applicable to the work in this
chapter, but it shows the importance of accurate measurements of the social influence

parameter for equilibriuAbased policy analysis.

5.1.3 Policy Analysis

For equilibriumbased policy analysis, policy intervention involves two major strategies:
1. Changing the social choice process from a multiple equilibria system to a single
equilibrium system
2. Increasing the probability of achieving a favorable equilibrium in a multiple

equilibrium system

?|Interested readers are encouraged to read loannides (2006) for more details.
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Strategy #1 shifts the equilibrium curve so that only one intersection occurs. Fukuda and
Morichi (2007) provide a good exposition of how this could work. In their analysis of
illegal bicycle parking behavior, they observed that increasinfyeqeency of security
patrols leads to lower illegal parking rates. They suggest that increasing patrol frequency
could translate thé 3@function in equatiorf19) upwards which would ensure a single
equilibrium. Another strategy involves decreasing the degree of social influence. Since
only one equilibrium is possible for p, decreasingishi vi dual sé6 urge t o ¢
increase the significance of individdalel effects, which tend to be more static. Note
however that statistical modeling provides no guidance on how to deicrease

Strategy #2 takes into account the fact that the existehmultiple equilibria
does not guarantee an equal probability of each equilibrium occurring. Dugundji and
Gulyas (2008) observe this with nested logit models of social influence. Their nested
logit model theoretically could exhibit five equilibria (& stable and two unstable) but
their numerical simulations only exhibited two equilibria. Dugundji and Gulyas (2012b)
also found that initial conditions affected the likelihood of equilibrium selection. More

formal procedures for studying equilibrium sgien are needed in travel demand.

5.2 Simulation Studiy MCMC Perturbation of ERGMs

A simulation study will be described in this section to look at the impact of random
omissions and additions of social ties in social network data on binary logit model
edimation of a conformity model with smalorld networks. This section will begin

with the intuition that drives the hypotheses. Then, a description of the methodology used
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for the simulation study is provided followed by a description of how swiild

networks were generated. This section concludes with the results of this simulation study.

5.2.1 Problem Exploration

To gain some intuition into this problem, begin by looking at two simplified cases
involving omission of network ties:

1. Each individual is oly connected to others who share the same behavior

2. Each individual is connected to a mix of individuals with different behaviors
Assuming a binary choice model with linearparameter terms, this section will look at
each case and its effect on estimat@ina general concept level).

For case 1, takEigure8 as an example:

Real Social Network Observed Social Network

0 = Ego o = Alter w/ Behavior +1 ﬂ = Alter w/ Behavior-1

Figure 8. Case 1 Example

The ego under examination is individual A who is connected to three other individuals B,
C, and D. Individuals B, C, and D all perform the same behavior, +1, Therefore, the

utility for individual Abs choice wil!/ be
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where:

i k a constant term

i k a paameter weighting the individudével characteristics

W k the behavior of individual B

On the right side dfFigure8 is an example of an observed social network

obtained from some network data collectprocess. Writing down the utility using this

observed net wor k, i ndi vi dual Adbs esti mated
W W
p) f f o -H
o
21
i chprp-HJ @D

|l ndi vi dual A6s true utility and esti mated
condition that all of individual A6s soci a
matter which combination of social ties is omitted, the total market share of contacts (i.e.

the ratio of competing behavior among the contacts) engaging in a given behavior will

remain the same. Case 2 will show that this is a very special and specific case

For case 2, takeigure9 as an example:
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Real Social Network

0 - e

o = Alter w/ Behavior +1 ﬂ = Alter w/ Behavior -1

Observed Social Network

Figure 9. Case 2 Example

The ego under examination is individual A who is connected to three other individuals B,

C, and D. Individuals B, C, @D perform various behaviors, with individual B

performing behaviorl and the others performing behavior +1. Therefore, the utility for

i ndi vidual Abs choice

wi | | be as foll ows:
. TT(bWw () ) ]
o
. P P P 29
T w = (22
. P
TTwWE-

Now when the observed social network data is

obtained, as shown on the right side of

Figure9, i ndi vi dual Ad6s estimated wutility beco
W W
P T @ c -H
S TR R Ay (23
C
R R
C
|l ndi vi dual Ab6s true utility and esti mated

of the utility equation are changifigvith both parts in the social influence term. First,
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the number of social contacts for indival A decreases frofR¢ otoQ ¢ C.
Second, the market share (ratio) of the observed behavior among the observed contacts

changesfron w ® ptow w T Thus, the estimated social influence

term] will likely have bias. This bias wibe transferred to the erreknd constarijt
terms, likely biasing these estimates in the same direction as the direction of the true
social influence term.

The main issue complicating analytical analysis of the bias generated by this
misspecification of the social network is that the two changing parts are contained in the
utility function as a ratio:

B . W 24
EGE & 24
So the bias in the estimated social influence parameter is dependeatcharige
between this ratio in the true network and the observed network. For the example in

Figure9 specifically, note that these ratio can take on a finite set of values and thus the

social influence term fronhe true network can have the following vaffes

B, . p . P . O
- = — g g e 2
(]/E‘QéﬁE G’|h0’|h0’|hc‘] (29

For the estimated social influence term with the observed social network, the following

values are possible:

B
S S 26
(]C(] C(] (26)

# The ratio is rewritten slightly for clarity.

#The fractions are not simplified for clarity.

105



Comparing equation@5) and(26) confirms the results from case 1 and case 2. When the
ratioofthesumobt her sé behavior ovedlortthmobiasumber of

results since the observed social network contains an equivalent ratio. Otherwise, as

shown in case 2, the estimated term value&an correspond to true term values of
-1 h -1 . Additionally, it is also possible for:
1 the true term value of -] to have a corresponding estimated term value 6f

1 the true term value of -] to have a corresponding estimated term value 6f

The complexity of thisesulti even for this simple cagemakes generalizing this for
large graphs difficult and therefore a simulation design was chosen to study this

phenomenoff.

5.2.2 Simulation Methodology

In this simulation study, an egocentric sampling strategy wilha¢yaed where the

sampled individuals are asked about their direct social contacts and the behavior of those
contacts. Individuals will choose between cycling and not cycling by using utility

maximizing behavior. In this Monte Carlo simulation, it willé&sumed that the data
collectors incorrectly identify individual
behavior of all contacts (correct and incorrect contacts). Therefore there are random
omission and additions of social ties to the social nétwata collected.

The steps undertaken for this simulation study are as follows:

% A closed form result from theoretical econometrics/statistics is suggestadssagor future research.
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1. Initialize a population (100) with individualpecific characteristics,
wx 0 €1 o dip
2. Give the population some initial cycling choices, * 6 T&

3. Generate a social network to connect the population with influential others

4. Individuals make new cycling choices depending on social influénce,
™ PR 1w -
5. Collect social network data from the population by randomly omitting and adding
social ties while maintaining a similar graph density via MCMC graph
simulations of ERGMs
6. Esti mate a model onetworklanddehdviorbl sladarusingd 6 s o c
maximum likelihood estimation
7. Perform a Likelihood Ratio Test and calculate the mean squared error (MSE) of

the parameter estimates

5.2.3Why Not Use a Simultaneous Specification?

The advantages of using this sequentigicHfication include:

1. This specification can be extended to other social network related measures that
are incorporated into choice models of social interactions. This includes the work
on social capital in ChaptertBat used a name generaamd specifiations with
contextual effects.

2. The simultaneous equations specification is currently uncommon in travel

behavior studies. The purpose of this simulation work is to provide researchers
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with guidance on designing surveys and conducting analysis, so a common

specification was chosen.

5.2.4Datai SmalltWorld Network Generation

Smaltworld networksare sparse networks that exhibit high clustering and short average
path lengths. Thus, individuals tend to form relationships such that
1. an i ndi vi dudadbé fsiends witheactdosheri.e. homophily), but
2. isoci al network [also] tend to have ver
pairs of peopled (Easley and Kleinberg
To determine if networks are smalbrld networks, a gantitative measure was sought to
determine this subjectively. Humphries and Gurney (2008) providentaéworld-ness
measure which compares a particular graph instance to an average Bernoulli random
graph. Essentially, if there is higher clustering amorter average path lengths in a graph
as compared to a Bernoulli random graph with a similar graph density, then that graph is
a smahlworld graph.
Clustering can be measured with the social network measure called the clustering
coefficient:

020 GO "QOE Qa Qi
07 e e e (27)
€ 04 QN e "B QENQO

The average shortest path length measures how easily it is to traverse the graph between

any two nodes in a component. It is measured lasirs:

0 ﬁ v 0 (29)
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Thesmallworld-nessof a graph (Humphries & Gurney 2008) is then the ratio of the
clustering of a graph and Bernoulli random graphs with similar density divided by the

ratio of the average shortest path length between that graph and Bernoulli random graphs
with similar density:

0 %6
T @9

If Y p, then the network is a smaillorld network. Additionally, the valugy can

give an indicatoirdnd oofa hgowa pfhs masl 'F¥uch t hat
correspond to graphs with higher clustering and/or smaller path lengths.

Since smatworld networks are a function of tis&ructure of the network and can
generated by different processes, the stochastic network generation model chosen is the
exponentiafamily random graph model (ERGM). ERGMs are a family of statistical
models for representing networks/graphs by the likelihof observing counts of certain
network configuration terms such as edges, triangles, atat& ERGMs assume that
networks are formed by botteap processes that work between nodes. For example,
transitivity can be modeled by counts of triangles.réph instance, upon which a model
is estimated on, is considered to consist of a dependent series of local processes which are
correlated in the local area around any given node but uncorrelated outside of the local.
This can lead to macilevel graph behaor emerging, such as smalorld networks.

To generate smalorld graphs, social circuit dependence (Robins et al. 2007)
was assumed. In social circuit dependence, the set of graph configurations are functions

of the edges, friangles, kstars, and kwopaths. Appendix A provides details on some

of these functions. Social circuit dependence was assumed rather than Markov
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dependence because therikngles and kwopaths configurations have a direct impact
on the clustering coefficient since the clustgrcoefficient is affected by the number of
triangles and paths of length 2. By contrast, the Markov dependence assumption only
includes edges, triangle, angstar configurations and thus misses the possible
importance of the fwopaths. Additionally, RGM simulations using social circuit
dependence assumptions are less prone to degeneration than Markov dependence
assumptions (Robins et al. 2007).

The purpose of this work was to concentatenultiple triangulation and
popularity(degree distributiomyvhile penalizing isolated nod@sThe model formulation
used to generate smadorld graphs based on triangulation and popularity was as
follows:

P

——AGBY - —¢ W= a0 (30

50 "G
where:
a "I} k the geometrically weighted edgewise shared pargvees))
statistic, a measurd multiple triangulationin the graph
a "+ k the geometrically weighted dyadic shared partgexdegreg
statistic, a measure pbpularityin the graph
a Q k the graph isolates statistic, a count of the number of isolaigebsrin
the graph

—h—h— k model parameters corresponding to the given graph statistics

4 Simulation studies with multiple connectivity were also performed and had similar results. Results from
that work are available upon request.
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—h—  k ascale parameter (assumed td biecC in all simulations)

The isolates parameter was fixed4d00 in order to stragly discourage the formation of
graphs with isolated nodes. This would reduce the efficiency of each simulation since
isolated nodes contribute nothing towards increasing the information on the effect of
social influence in the sample. Additionally, thewher of edges in the graphs was
constrained to always have a density of 0.05. This decision was made to remove variation
due to varying graph densities, thus reducing the dimensionality of the problem.

The parameter space was explored to find parametargsathat would generate
smalwor |l d networks as given by Humwdrldi es and
network (see equatiq29)). The procedure for finding smadlorld networks was as
follows:

1. Define theparameter spac& hemultiple triangulationparametergwesp was
allowed to vary from 0.0 to +1.6 in steps of size 0.4, whilegpthmularity
parametergwdegregwas allowed to vary frorll.0 to +1.0 in steps of size 0.5.

The isolates parameter was hetshstant at4.0.

2. Generate simple random grapl@ne thousand simple random graphs with a 0.05
probability of tie formation were generated and average clustering coefficient and
average shortest path length were stored.

3. Generate network#t each parametgrairing, 1000 graphs were generated and
network statistics for each graph were stored.

4. Calculate Smallvorld-nessFor each graph generated at a given parameter
pairi ng, smdhaorld-ngssaapchldulated from its clustering

coefficient and averge shortest path length and from the simple random graphs.

111



5. Select SmalWorld Parameter Pairingg-or the graphs generated at each
parameter pairing, selection criteria were applied.
The following selection criteria were applied:
1 Atleast 95% of the graplgenerated must have a sraathrld-ness factor greater
than 1.0For choserparameter pairings, all graphs generated were smalt.
T The mean size of the graphsd giant comp
criterion was chosen to reduce instandesiaitiple components, particularly
small cliques or isolated dyads.
Fifteen graphs were chosen according to these rules and the selected parameter pairings
are listed inTable16. Additionally, Figure10 provides samples of graph generated for
each parameter pairing. The gridTiable16 corresponds to the gsdh Figurel0.

Table 16. Chosen Parameter Pairings (gwdegree, gwesp, isolates) for Smalbrld
Networks®

(-1.0,0.4:4.0) | (-1.0,0.8;4.0) | (-0.5,0.4:4.0)
(-0.5,0.8,4.0) | (-0.5,1.2:4.0) | (0.0,0.4:4.0)
(0.0,0.8;4.0) | (0.0,1.2,4.0) | (0.5,0.4,4.0)
(0.5,0.84.0) | (0.51.2:4.0) | (1.0,0.4:4.0)
(1.0,0.84.0) | (1.0,1.2:4.0) | (1.0,1.6:4.0)

% The ordering of the pairing in this grid is repeated in all figures showcasinitsrées all the parameter
pairings (triangulation and popularity).
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gwdegree=—1, gwesp=0.4, sws=2.51278965817111 gwdegree=—1, gwesp=0.8, sws=4.3757506422581 gwdegree=-0.5, gwesp=0.4, Sws=2.78054498191167

o , gwesp=0.4, sws=1. 1

gwdegree=0, gwesp=0.8, sws=3 57079340032238

(gwdegree=1, gwesp=0.8, sws=4.48930019830271

Figure 10. Example Graphs Generated from the Triangulation and Popularity
Parameter Pairing
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The graphs generated by each parameter pairing had ltheifg statistics:

Table 17. Graph Statistics for Simulated Networks for Triangulation and Popularity
Parameter Pairings

gwdegree gwesp SWS Clustering | Mean Path| Isolates | Size of Giant

Coefficient Length Component

2.59 0.06 2.23 0.14 99.55

-1.00 0.40 (0.38) (0.0070) (0.17) (0.37) (0.87)

4.29 0.10 2.17 0.37 97.99

-1.00 0.80 (0.46)| (0.0071) (0.16) (0.59) (1.85)

2.42 0.06 2.26 0.07 99.73

-0.50 0.40 (0.37)| (0.0072) (0.17) (0.27) (0.73)

4.16 0.09 2.18 0.22 98.67

-0.50 0.80 (0.46)| (0.0074) (0.17) (0.46) (1.61)

5.65 0.12 2.10 0.58 94.79

-0.50 1.20 (0.54)| (0.0065) (0.15) (0.75) (3.17)

2.37 0.05 2.26 0.03 99.88

0.00 0.40 (0.36)| (0.0070) (0.18) (0.17) (0.45)

4.01 0.09 2.21 0.10 99.23

0.00 0.80 (0.45)| (0.0068) (0.17) (0.31) (1.24)

5.58 0.12 2.10 0.28 96.80

0.00 1.20 (0.55)| (0.0072) (0.17) (0.53) (2.58)

2.31 0.05 2.25 0.02 99.90

0.50 0.40 (0.36)| (0.0069) (0.18) (0.12) (0.43)

3.94 0.09 2.20 0.05 99.57

0.50 0.80 (0.47)| (0.0071) (0.19) (0.22) (0.91)

5.47 0.12 211 0.15 97.95

0.50 1.20 (0.57)| (0.0074) (0.16) (0.39) (2.09)

2.27 0.05 2.25 0.00 99.96

1.00 0.40 (0.37)| (0.0070) (0.18) (0.04) (0.30)

3.96 0.09 2.19 0.01 99.73

1.00 0.80 (0.48)| (0.0074) (0.18) (0.12) (0.78)

5.53 0.12 2.10 0.06 98.84

1.00 1.20 (0.64)| (0.0079) (0.18) (0.24) (1.64)

6.60 0.14 2.07 0.17 95.50

1.00 1.60 (0.70)| (0.0078) (0.16) (0.40) (3.22)
Note: All statistics given are the mean with the standard deviation in parentheses.

525Datai Gener ating fiObservedo Networ ks

To generate social networks with random omissionsaadions of social ties, the true
social network is modified by using a ERGM MCMC process to generate graphs that are

close to the initial graph but different. For example, if we assume that additions and
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omissions are random but that the density of thglyshould remain similar (but not
fixed), then the following ERGM is used:

P

T Agba Q

6 no "Q—
(31

— 11 &% o8 0%

where:

a "Q k the number of edges in the graph

— k model parameter corresponding to the edge count
Figurellshows an example of this process for a network with 16 nodes and an edge
density of 0.20. By using the Areal 06 net wo
after 20 intervals of ramadthdnoaotepling bruejestingng t i e
changes according to evalwuations of the ne
is generated. This new network no longer has the very dense pocket of blue, green, and

purple nodes and the density has reduced ta 0.18

“Real” Network “Observed” Network

*Perturbed with interval of 20 steps

Figure 11. Observed Network Generation Example
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5.26 Study Hypothesis

In this study, the following hypotheses are made:

1. Network structure will have an impact on the model estimation. Since the
observed networks are perturbeddnyERGM likelihood function for Bernoulli
random graphs, the networks will higher triangulation will likely experience a
change in the degree distribution. The triangulation and average path lengths will
trend towards an average simple graph with sinediye density. This may affect
the mapping of possible states for the social influence term.

2. As the number of graph changes increases, the accuracy of the likelihood ratio test
will decrease and the bias and variability in the social influence parameter
esimates will increase.

3. The social influence parameter estimates will become biased as the number of
graph changes increases. It is expected that the incorrect contacts will add more
statistical noise to this estimate, thus making the social influence garame
estimates less accurate. This noise will be significant and the social influence
parameter estimates will trend downwards (towards 0) due to less correlation
between the actual and observed contacts as the number of graph changes
increases.

4. The constanparameter estimates will become biased in response to the
downward bias in the social influence parameter. This is because in binary logit
model, the constant insures that the market share predicted by the estimation

across the population becomes equmalto the actual observed market share.
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5. The individuallevel effects parameter will be unbiased, because there is no

correlation between the network structure and individiexsg| characteristics.

5.27 Results

Results for the procedures described ini8ad.2.1 indicate that the hypothesis is

correct for all graph configurations covered for the different multiple triangulation and
popularitypairing. In particular, for simulations where social influence occurs, as the
observed network is more greatlyrpebed away from the true network, the likelihood

ratio test increasingly rejects the null hypothesis less often than expected. For simulations
where social influence does not occur, the likelihood ratio test exhibits similar behavior.
Figurel2 shows the typical results that are observedrigdre 13 shows the average

results for each parameter pairing.
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Figure 12. Typical Results for Likelihood Ratio Tests for Misspecified Networks
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Figure 13. Average Likelihood Ratio Test Results for Triangulation and Popularity

Parameter Pairings (Misspecified Networks)
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Results indicate that the hypothesis that bias and variabiliheiestimation of the social
influence parameter would increase with greater deviation from the true network is
correct for all graph configurations coverd@the results for all the network parameter
pairings are shown iRigure14. Most networks exhibit a similar pattern to that shown in
the typical resultsAs expected, MSE increased with increasing deviation from the
original network. This increase tends to occur at the same time that there is a drop in
model fit This occurs after about 50 to 100 iterations of the MCMC sampler.
Observations of the parameter estirsatenfirmed the hypothesid atendency towards
underestimation of the social influence paramasegraph perturbation increas&tiis
tended tanotlead to bias in the individudével parameter estimatdsigure15), except

in the case whete o.
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Figure 14. MSE Results for Social Influence Parametefor Multiple Triangulation
and Popularity Parameter Pairings (Misspecified Networks)
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Figure 15. MSE Results forIndividual -Effects Parameter for Multiple
Triangulation and Popularity Parameter Pairings(Misspecified Networks)
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5.3 Summary
This chapter details a simulation spudesign to analyze the effect of misspecified social
networks on social influence choice model estimation. A simulation study of random
additions and omissions of social ties is performed to measure the accuracy of the
likelihood ratio test and the biasseand variance in social influence parameter estimates
for binary choice models of conformity with smualbrld social networksThe use of
smallworld networks in social influence choice models was studied using ERGMs.
Additionally, a perturbation prototwas used where ERGM simulations generated new
graphs in which to test model estimation.

Results showed thattwork shapé&ad noimpacton estimator bias and
variability nor did it impact model selectio8ocial influence parameter estimates began
to lose accuracy and model fit reduced after about 15% to 30% of network ties were
changed. Individualevel effects parameter estimates remained unbiased as social
influence parameter estimates became biased towards zero.

The results in this simulation studseaspecific to the network density in the
simulations. Derivation of analytical results would strengthen such analysis. Additionally,
future work should perform more extensive analysis of the effect of density on model

estimation.
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Chapt eBampds nign BDi screte Choice
| nfl uence

Table 18. Chapter 6 Summary

This chapter details a simulation study design to analyze the effec]
network shape and sample saesocial influence choiamodel
Background & estimation. A simulation study of egocentric sampling is perforn
Brief Summary to measure the accuracy of the likelihood ratio test and the biag
and variance in social influence parameter estimates for binary

choice models of conformity with smailorld sogal networks.

Social network data is often collected by various sampling techniq
in the travel behavior field; yet there is limited information on hg
these sampling techniques affect social influence choice model

Motivation estimation. Gaining an undganding of the estimator properties f

these models can guide methodologist on ways to handle poss

sampling bias as well as aid applied modelers in understanding
potential pitfalls in their analyses.

1. Network shape was found to not impadiraator bias and
variability nor did it impact model selection

2. The strength of social influence had the largest impact for a giv

Results sample size with smaller strength of social influence needing Ia
samples before model fit tests worked consistently

3. Paraneter estimates exhibited similar patterns in regards to bias
variability

1. Although egocentric sampling is the primary technique used in
transportation, snowball sampling is also used in other social

Limitations interaction work

2. The results are specifio the network density in the simulations.
An exhaustive analysis of the effect of density was not undertal

6.1 Problem Description

Assume that we have a target population of individuals N and we have a sampling
strategyl 0 © “Ysuch thatYP 0, that samples individuals from the target population.

In a choice modeling exercise, the model is assumed to have a similar specification to the

true data generating process (or decision process). For a binary choice, an individual

124



must choose between perfing an actiorw p or not performing that action
() p. For a binary logit model of conformity and utility maximization, this data

generating process may have the following frm

|) A (b h l 1 N L1
fw . A - END
(32
o p QM 11
p QM 11

When the modeler estimates a model on the sample population, the following model if

estimated:
W .
pJ T w ’IN i LNy
(33
. 'n T
where:
Qi k the observed/measured social contacts of sampled indigdual
(may be differentthantht i ndi vi dual 6s true so
il k estimates of the corresponding model paramgtérs

6.2 Simulation Study Egocentric Data

A simulation study will be described in this section to look at the impact of egocentric

sampling on binary lagmodel estimation of a conformity model with srraibrid

% The decisions are mapped td {+1} rather than the more familiar {0,1} to simplify the model
specification. In this way, the utility difference between doing and not doing an actitekesa simpler
form in the specification of the endogenous social influence term.
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networks. This section will begin with the intuition which drives the hypotheses. It also
includes a description of the methodology used for the simulation study and a description
of how smaHlworld networks were generated. It concludes with the results of this

simulation study.

Figure 16. An Example of an Egocentric Sample

6.2.1 Problem Exploration

To gain some intuition into this problem, this section will work thorocaigimplified
example of a population and sample. Assuming a populltmirhomogeneous agents
with individuaklevel characteristice®  ¢fi £ ¥ () and a social networt that connects

the individuals in the population, the choice generation processtikty maximizing

framework with each individual 6és wutility
p) © h 1en
I o N rer END
(34)
o p QM T
p QUMW 1
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For an egocentric sampling technique, the population is sample by individual with each
sampled individual 6s soci al contacts known
Therefore for each individual in the sample, their estimated utilityfisllasvs:

w

2T e Qi &

SHR 1N YR G (395

For any given individual in the population, their estimated utility has an equivalent form
and equivalent explanatovariables (due to the assumption that all contacts are observed
fully and accurately). Due to this, the properties of the estimator likely are dependent on
the estimation methodology used and less on the properties of the social network. The
intuition for this simple example motivates the general methodology which centers on
changing the sample size for estimation. As the sample size decreases, the properties of
the maximum likelihood estimator are less wd#fined’ so the estimators should

become lesscaurate (i.e. generates more bias or variability/inefficiency).

6.2.2 Simulation Methodology

In this simulation study, an egocentric sampling strategy will be analyzed where the
sampled individuals are asked about their direct social contacts and thebeh#hose
contacts. In this Monte Carlo simulation, it will be assumed that individuals can correctly
recall all relevant social ties and accurately know the behavior of their contacts.

The steps undertaken for this simulation study are as follows:

1. Initialize a population (100) with individualpecific characteristics,

O G €1 o T

2" Maximum likelihood estimation properties are generally valid as the sample size increases to infinity.
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2. Give the population some initial cycling choices, * 6 T&
3. Generate a social network to connect the population with influential others
4. Individualsmake new cycling choices depending on social influence,
™ PR 1w -
5. Apply the sampling technique& esti mate a model on this
maximum likelihood estimation
6. Perform a Likelihood Ratio Teand calculate the mean squared error (MSE) of
the parameter estimates

7. Repeat steps (1) through (6) 250 times

6.2.3Datd Gener ating fAReal Networ ksbo

The same smailorld network generation processused as in section 5.4 given by

equation(30).

6.2.4 Study Hypothesis

In this study, the following hypotheses are made:
1. Network structure will have no impact on the model estimation. This will be due
to the design of the data generating process which only considers the behavior o
direct contacts from the preceding time peffo8ince it is assumed that the

contacts of an individual and their behaviors are properly recorded, all relevant

% This may be an area for future research into the misspecifiazttitve time period. For example, if we

estimate the model at ¢ rather thard  p, but still use the behavior of direct contacts in time period

0 T Then the utility and possibly behavior of an individuabin ¢ will be impacted by the behavior in

0O pof a direct contact. This contactds behavior was
0 m Thus the behavior of the individual could be af
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explanatory variables will be the same between the data generating process and
the estimated wodel.

. Sampling rate (sample site-population size) will have a negative impact on the
accuracy of the likelihood ratio test and increase the variability in the social
influence parameter estimates. As the sampling rate decreases, the accuracy will
decreae and the variability will increase. Because a maximum likelihood
estimator is used, the small sample properties of this estimator are not equivalent
to its large sample properties. The sample sizes in this study will be less than 100
individuals.

. The so@l influence parameter estimates will be unbiased but will increase in
variability as the sample rate decreasing.

. The individuallevel effects parameter and constant parameter will be unbiased.
There is no correlation between the network structure amddodl-level

characteristics.

6.2.5 Results’ Triangulation andPopularity

The likelihood ratio test is used to test a restricted model (without social influence)

against an unrestricted model (with social influence). The likelihood ratio statistic has a

chi-squared distribution and the assumed confidence level is 95 pérceni)( Using

the definition of a confidence level for a likelihood ratio statistic, when social influence

truly occurs in the population, then ip Tt 11| P confidence level for a likelihood ratio

statistic, when social influence truly occurs in the poputathen the likelihood ratio

test should accept the null hypothesis iaut of 100 sample runs.
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Thus in simulations where the true data generation process includes social
influence, it should be expected thattt 1t| P of the simulation runs shoulddlude a
likelihood ratio test indicating the rejection of the null hypothesis. For the simulation runs
where there is no social influence in the true data generation procegspoofythe runs
should indicate rejection of the null hypothesis accordinté¢ likelihood ratio test.

Figurel7 shows expected results for an experiment with a sample of social
networks with (gwdsp, gwesp) parameters equaild (0.9) and varying strengths of

the social influence pameter}  Tipltio .
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Figure 17. Expected Results for Likelihood Ratio Test on Egocentric Sampling

The hypothesized results occur for all parameter pairing showigume 18. For
estimation whenh 1, the likelhood ratio test was expected to remain steady at about
0.05 null model rejections. The results show that this expectation is maintained as

triangulation angbopularityvaries.
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Parameter Pairings (Egocentric Sampling)
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Additional analysis explored if this behavior is experienced while varying two
additional factorsn the simulation study design: (lhjitial Conditionsand (2)Individual
level and costant parameter3 here were concerned thhese two factors may be
correlated in this proebf-concept study. Specifically, the initial choice tends towards
behaviorw p as well as the negative constant parameter. It was found that varying
the nitial conditionsfor populationwide average behavior from 10% to 90% did not
produce an appreciable difference in estimator behavior.

To check the bias and variability in the social influence parameter estimates, the
mean squared error of the estimatese calculated and plottédigure20). Typical

results are included iRigure19.
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Figure 19. Expected Results for MSE (Egocentric Sampling)
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As expected, MSE increased with decreasing sample size. There tended to be a
disproportionate increase in the MSE $anulations where the true sociafluence
parameter were highest o. There were a small number of estimates that were an
order of magnitude higher than 3. This skewed the MSE heavily since the MSE is
calculated on the square of the difference between the observed and true parameter

values. This is due tihe small sarple sizes.

6.3 Summary

This chapter details a simulation study design to analyze the effieetvabrk shape and
sample sizen social influence choice model estimation. A simulation study of
egocentric sampling is performed to measure the accuracy likelieood ratio test and
the biasness and variance in social influence parameter estimates for binary choice
models of conformity with smailvorld social networks.

Results showed that network shape did not impact estimator bias and variability
nor did itimpact model selection. The strength of social influence had the largest impact
for a given sample size. For smaller strengths of social influence, larger samples were
needed before model fit tests worked consistently. At a density level of 0.05, estimati
with social influence parameter strengths of 1.00 were not achieving their expected rate
of model acceptance for samples sizes of 100 individuals or less.

Parameter estimat@gere found to increase in biasness and variability as sample
sizes decreasedhis effect was strongebteven after normalizing MSE valuégor

simulations with high levels of social influence.
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The results in this simulation study are specific to the network density in the
simulations. Derivation of analytical results would sgjttven such analysis. Additionally,
future work should perform more extensive analysis of the effect of density on model
estimationUntil more extensive and generalizable knowledge is available, it is suggested
that modelers perform similar tests of thasevity of their models to changes in social
influence parameter strength and sample size before design data collection efforts and

during their model building process.
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Chap/it eGenerali zed Behavior al
Choice Model s

Table 19. Chapter 7 Summary

Background &
Brief Summary

This chapter showcases a generalized behavioral framework for cl
models of social influence. This framework stresses the importg
interconnection between the social influenceamism and
associated social networks and influence sources. The current
of-practice in travel behavior studies of social influence is desci
as well as the limitations of current approaches. Then theories
social influence via conformity anapliance are described, plus
theories of social network formation and structural properties of
social networks are also described.

Motivation

Social influence choice models incorporate theories and terminolo
from a variety of social science fields. Atldnally, various model
specifications using during social network specifications, influer
sources, and social influence types and processes have been
developed. Understanding how social factors are incorporating
choice modeling can be a confusemgd daunting task for new
users. The behavioral framework developed in this chapter see
consolidate the current stadéthe-art in a clear and easy to
understand format. This will clarify areas for improvement and
future research topics.

Results

1. Deweloped a behavioral framework to describe social influence
choice models

2. Summarized the existing travel behavior literature and suggest
gaps in behavioral realism and model applicability

3. Suggested behavioral enhancements to social influence proceg
usig i ndividual s06 motivations

4. Described the importance of social networks in the social influg|
choice modeling context, specifically emphasizing the importan
of network formation and structure

5. Recommended new research for model developaraht
application

Limitations

1. An exhaustive search of the social influence literaitutbe social
sciencesvas not undertaken, but the framework is flexible enou
to handle other social influence theories
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7.1 Framework

7.1.1 Historical Background

Concepually, Manski (1993, 1995) outlines three different ways in which similarities in
group behavior can be explained in a model, naffiely
1 Endogenous Social Influence Effects whirein the propensity of an individual
to behave in some way varies with the ptemce of that behavior in the gradip
1 Contextual Social Influence Effects wherein the propensity of an individual to
behave in some way varies wiltte distribution of exogenous background
characteristjiamds i n the groupo
1 Correlated Individual -leveland Correlated Environmental Effects wtlierein
individuals in the same group tend to behave similarly because they face similar
institutional environments [(environmental)] or have similar unobserved
individual characteristics [(individual e vel )] o
Endog@&ous and contextual social influence effects characterize the relevance of group
level behavior and group level characteristics respectively for individual behavior. An
important distinction between these two specifications however, is that endogenalis soci
influence effects allow for the possibility of direct feedback between individual behavior
and group level behavior, which can potentially be reinforcing over the course of time.
Contextual social influence effects, while social, are presumed (asheasterm) not to

involve direct behavioral feedback between the individual and others. In contrast,

2 Manski refers to these effects respectively as endogerontextual, and correlated effects, but they are
renamed here to maintain consistency with the rest of the text.
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correlated individualevel and correlated environmental effects are presumed to be
entirely nonsocial. This distinction between the different sourcesiraflar group
behaviorare delineated by Manski in a measurement context as Blume et al. (2011)
e X p | ahe ousrent géneration of sociateractions models focuses on a relatively
crude division of social interactiot&tween factors that are predeatered[(contextual /

exogenousand those that are contemporangfoylse ndogenous)] o (p. 941

7.1.2 Framework Description

The framework described in this paper approaches the subject from a betandoral
microfoundationgperspective rather than throutytis measuremerdand macreevel
perspectiveRemaining within the discrete choice modeling framework is still useful in
this context as these mod&sd themselves well to linking behavioral theory and
statistical modeling (Durlauf and loannides 2010). Thidue to the latent variable
derivation of the payoff which can represent a theoretical quantity that can be minimized
or maximized.

The framework, shown iRigure21, rests on the assumption that the individual
makes choices according to a decision rule that depends on some aspects specific to the
individual and a social component which depends on the social systems (actual or
perceived) surrounding the individual. The backbone of the framework is the traditional
discrete choice model with its focus on individiatel effects generated from individual
characteristics and propertieslevddf the i ndi

characteristics, environmental factors, and-obaice related social factors (i.e.
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exogenous influence sources) are assumed t
process (denoted by grayHimgure21).

Individuals are connected to one another through the social networks in their
lives. These networks, which may have structures formed byssédttion due to
individual characteristics, provide a reference to society through which social influence
occurs. Soci al i nfluence is a function of
importart part of this framework, as it is an explicit acknowledgment of the importance
of the social network. Different social networks may imply the use of different social
influence mechanisms as well as different influence solireeslogenous or exogenous.
Different choice contexts may imply the use of different social networks, e.g. mode
choice maymply the use of cavorker networksvhereas social trips would use
friendship networks. Additionally, social networks can vary between individuals in their
structure and the relationships between individuals.

When environmental factors and individual characteristics are correlated with an
indi vidual 6s soci al network (i.e. an indiuvi
environment or have similar unobserved characteristics), they become correlated
environmental and individudével effects, respectively, which can seem social when
measured Huruly are behaviorally nesocial. A similar correlation can occur between
the influence sources and the social networks. This can manifest in homophily of
behaviors, attitudes, and values where individuals are connected to each other because

they preferto be around similar others.
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Figure 21. Generalized Framework for Choice Models of Social Influence

From the combination of individuddvel, environmentalevel, and social influence

effects, individuah obtains some payosf when choosing an alternativeThis payoff

is a function of various effects at the individual, environmental, and social influence
level. Assuming a lineain-parameter form, the payoff function takes the following form
o0 R 6RO O - (36)

Y f oo T i

where:
individuaklevel characteristics of individualfor alternative

k
k social influence mechanisms fodividual n for alternative due to

i O
endogenous and contextual factors
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HOJNV) k individualnbs soci al contacts and the
(modeled through a weighting functiar)
& U Kk exogenous social influence sources @f plopulation on individuai
for alternative
& 0 k endogenous social influence sources of the population on individual
for alternative
0 k the population of all individuals
0O k environmental factors on individual(may includecorrelated
environmental factors)
- k unobserved effects on individuafor alternative (includes
correlated individualevel effects and alternativ@ecific
unobservables)
I B H k model parameters (these can be alternatpeific)
This formulation can be expanded to separate the endogenous and contextual social
influence effects as follows:
v T rQ ook 6 14 O0R" G 0O - (37)
where:
Q O k contextual social influence mechanisms for individugdr
alternativel due to contextual factors
a O k endogenous social influence mechanisms for individdiat

alternativel dueto endogenous factors

R k model parameters (these can be alternatpexific)
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The individual chooses an alternative by evaluating the payoffs from each alternative

according to a decision rul®y H Q0 ®.

7.1.3 Comparisomo Prior Work

The framework in this paper provides a behavioral basis for social influence choice
model s. Previous work defined endogenous a
types of wvariables rather t ha2011wi9l).pher t i cu
framework contrasts with previous works which classified on structural terms such as
Manski s initial work (1993, 1995) on | ine
conformity based on actual O0b 2003 200602007and Br
extension to binary and multinomial choice models of conformity based on perceptions of
behavior and rational expectations with complete information. The framework in this
paper emphasizes this behavioral rather than measuremenbyjocus
1. Explicitly mentioning the importance of social networks and its part as a function
of social influence processes,
2. Consolidating endogenous and contextual social effects into a single concept of a
social influence mechanism which depends on endogerm@liexogenous
influence sources respectively,
3. Generalizing influence sources beyond observed or perceived choices,
4. Allowing for heterogeneity in social influence and social networks (Roy et al.
2012) since both may vary depending on characteristics aidhadual, and

5. Generalizing the decision rule space beyond utility maximization.
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7.2 State of Practice in Transportation
Travel behavior research analyzes social influence through applied inferential analyses,
agentbased simulations, and experimentse phimary behavioral paradigm in discrete
choice models of transportation is random utility maximization where an individual
chooses the alternative which gives that individual the most utility. Two forms of social
influence mechanisms have been usedawelrbehavior models: conformity (an
endogenous social influence mechanism) and compliance (a contextual social influence
mechanism). These models have the following form for the uilityan individualn
obtains from choosing alternativand a utility maximizing decision rufé

> T Qoo 0 1a 00RO -
p QW 1AW (38)
T €M VQI Q
7.2.1 Specific Works

Applying the generalized framework to prior work provides a sample taxonomy for
describing social influence models of discrete choitable20 summarizes many social
influence models used in studies of travel behavior by classifying each according to the
social networks, social influence mechanism and sources, and decision rule used in the
study. From thiglassification, we can see certain patterns emerge in prior research.
Social influence models in transportation are primarily models of conformity rooted in

utility maximization. The modelers tend to use social network structures that are either:

30 Environmental effects are not included since models in transportation generally ignore correlated
environmental effects. Also, identificah issues arise in crosgctional models with correlated
environmental (Brock and Durlauf 2007).
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(1) largecligues of individuals joined by similar demographics or spatial proximity or (2)
sparse networks of intimate social connections. Since data collection tends to be cross
sectional, influence sources generally are based on current behavior and are from in
sample connections. Few studies elicit data from the respondent on their social networks
and the behavior of these social contacts nor do they get information directly from their
social contacts.

The following examples describe three unique models usength r a me wor k 0 s

taxonomy:

91 Dugundiji and Walker (2005) analyze mode choice using utility maximization via
mixed logit models. Social influence occurs through conformity based
endogenously on current behavior in multiple large cliques that are based socially
onincome and spatially on postal code. This was the first major paper in the
social influence and travel field and its use of cliques and conformity was

emulated in other work.
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Figure 22. Dugundji and Walker (2005) Model Specifiation

1 Abou-Zeid and BerAkiva (2012) analyze mode choice using utility
maximization via hybrid choice models (with latent variables). Social influence
occurs through conformity based endogenously on social comparison. The
individual compares their commuti& to the commute of an acquaintance with a
similar commute. This paper provided a unique social influence source that
contrasts with the common sources of past and current behavior.

1 Goetzke and Weinberger (2012) analyze mode choice utility maximizasi@n
binary probit model. Social influence occurs through conformity based
endogenously on current behavior of large cliques spatially based on census
tracts. Additionally, the authors theorize that social influence occurs contextually

through social norsibased on measures of the aggregated demographics of
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individuals in the census tract. This paper was unique in its use of contextual

variables from an outside dataset.

Large cliques

. /) based spatially on
Individual census tract Census-tract level
Characteristics education, income,

& household size

Environmental
Factors . Compliance
Conformity (Social Norms)
Current Choices of
Others
(In another dataset)

A

h 4 I
1

Utility Maximization 3 Choice " /
(Binary Probit) (Car Ownership)

Figure 23. Goetzke and Weinberger (2012) Model Specification
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Table 20. Discrete Choice Models of Social Influence in Travel Behavior Research

Paper Authors

Application Area

Social Network

Social Influence

Influence Sources

Decision Rule
(Model)

Abou-Zeid & Ben
Akiva (2011)

Mode Choice

An acquaintance
(respondenteported) with
a similar commute

Conformity
(Social Comparison)

Current Behavior and
Social Comparison
Indicators

Utility Maximization
(Hybrid Choice
Model with Latent
Variables)

Adjemian, Lin, &
Williams (2010)

Vehicle Ownership

Nearest neighbors based
spatially within 8 km

Conformity

Past Behavior /
Lagged Behavior (in
sample)

Utility Maximization
(Binary Logit)

Egocentric network of
friends, relatives, &
acquaintances; not

Compliance or
Conformity

Whether Information
was Sought before

Baltas(286 1S;r|dak|s \éﬁgliglee Type explicitly measured (Informational) Purchase (UI\BIIlIJI%n'\g%);gFILZgni%n
Access to car TV shows, . Whether Informabn g
; Compliance
car literature, car salesmel was Sought before
(Affect & Arousal)
& brochures Purchase
. , . , Current Behavior Utility Maximization
Dugundji (2012) | Mode Choice A large clique of everyone| Conformity (in sample) (Nested Logit)
. Random sparse networks | Conformity Past Behavior . L
G%Tg;sng'c)%?,) Theoretical (Poisson/Erdofenyi & (Dynamical (from previous kJE;[:Ir;g/erger;zatlon
y WattsStrogatz graphs) Systems) simulation timestep) y1og
[1] Large cliques based Conformity ,
spatially on residential (Dynamical (_Jurrent Behavior . L
. Lo (in sample) Utility Maximization
Dugundji & : district Sysems) : : . )
Gulyas (2008) Mode Choice [2] Large cliques based Conformity & Past Behawor (Multmomla_l Logit,
; ; : (from previous Nested Logit)
socially on age, income, &| (Dynamical

education

Systems)

simulation timestep)
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Paper Authors

Application Area

Social Network

Social Influence

Influence Sources

Decision Rule
(Model)

Random sparse networks

Duaundii & (Poisson/Erdofkenyi Conformity Past Behavior Utility Maximization
Gul gs (2J012a) Mode Choice graphs), equal probability | (Dynamical (from previous (Bingr Logit)
y of linking between all Systems) simulation timestep) yLog
individuals
[1] Large cliques based Conformity .
spatially on residential (Dynamical g#rsrgrr;[ I|36e)haV|or
Dugundji& Mode Choice district Systems) & Past Igehavior Utility Maximization
Gulyas (2012b) [2] Large cliques based Conformity (from previous (Nested Logit)
socially on age, income, &| (Dynamical . L
educa%i/on 9 (Sy)étems) simulation timestep)
[1] Large cliques based Conformity .
spatially on residential (Dynamical Qurrent Behavior . L
Dugundji & . district or postal code Systems) (in sample) . Ut'“ty Ma>§|m|zat|_on
Mode Choice . . & Pag Behavior (Multinomial Logit &
Gulyas (2013) [2] Large cliques based Conformity (from previous Nested Logit)
socially on age, income, &| (Dynamical : S
o duca‘?i/on 9 (Sy);tems) simulation timestep)
[1] Large cliguedased .
spatially on residential Conformity (_Jurrent Behavior . L
Dugundji & district or postal code (in sample) Utility Maximization
Mode Choice . (Mixed CrossNested
Walker (2005) [2] Large cliques based Current Behavior Logit)
socially on age, income, &| Conformity ; | 9
education (in sample)
L Large clique based spatial|l Conformity : . L
Fukada & Morichi Bicycle Parking on bicyclists who share a | (Normative Current Behavior Utility Maximization
(2007) railway station Dynamical Systems) (in sample) (Binary Logit)
A directed fourmode .
Conformity . . Lo
[1] Gaker, Zhang, Vehicle Ownershi network of temporally (Information Past Behavior Utility Maximization
& Walker (2011) P lagged participants in an Cascade) (in experiment) (Multinomial Logit)

economics experiment
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Paper Authors

Application Area

Social Network

Social Influence

Influence Sources

Decision Rule
(Model)

[2] Gaker, Zhang,
& Walker (2011)

Pedestrian Crosgy
Behavior

[1] Hypothetical source of Complignce Shown current law
State Law (Authority & (stated in choice
Obedience) experiment)
Past Actions
[2] Hypothetical source of | Compliance (citation rates and fing
Citation Rates and Fine (Authority & amount for Jan. 2009
Penalties Obedience) stated in choice
experiment)
[3] Large clique of all Conformity Past behavior

University students & staff

(Informational)

(out of sample, stateq
in choice experiment)

[4] Hypothetical source of
Accident Statistics

Compliance
(Affect and Arousal)

Shown statistics
(stated in choice
experiment)

Utility Maximization
(Multinomial Logit)

Transit Mode

Nearest sampled neighbor
based spatia

Current behavior

Utility Maximization
(Binary Logit,

Goetzke (2008) Choice individuals within 1.2 km); Conformity (in sample) Conditional
weighted equally Autoregressive)
Nearest three sampled
Goetzke & Walking Mode neighbors based spatially; Conformit Current behavio Utility Maximization
Andrade (2010) | Choice weighted by spatial y (in sample) (Binary Logit)
distance
Goetzke & Rave | Bicycle Mode Large cliques based . C_:urrent behavior Utility Maximization
(2011) Choice spatially on municipality Conformity (in sample, (Binary Logit)
instrumented)
[1] Large cliques based Conformity Current Behavior
spatially on census tract (from another dataset | ... L
Goetzke & Vehicle Ownership Censusdract level Utility Maximization
Weinberger (202) [2] Large cliques based Compliance (Binary Probit)

spatially on census tract

(Social Norms)

education, income, &
household size
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Decision Rule

Paper Authors | Application Area Social Network Social Influence | Influence Sources (Model)
Nearest sampled neighbor
Grinblatt, based spatially; weighted . : . . L
Keloharju, & Vehicle Ownership | by distance ranking (200 Conformity PreviousBehavior Utility Maximization

Ikaheimo (2008)

neighbors placed in rings ¢
varying sizes)

(Informational)

(in sample)

(Binary Logit)

[1] Egocentric network of

Current Behavior

KUWano friends Conformity (stated in choice
Chikaraishf & Personal Mobility experiment) Utility Maximization
. ' Ownership . Current Behavior (Binary Logit)
Fujiwara (2013) [2.] Hypothetical Iarge_ Conformity (stated in choice
cliques based on regions experiment)
Kuwano, Tsuaki, A hypothetical single large Conformity Current Behavior Utility Maximization
& Matsubara | Vehicle Ownership | . yp : g g (affected classes of | (stated in choice y
clique of vehicle buyers A . (Latent Class RUM)
(2012) individuas) experiment)
[1] Large cliques based Conformit Current Behavior
socially on income y (in sample)
Kuwano, Zhang, Vehicle Ownershi [2] Large cliques based Conformit Current Behavior Utility Maximization
& Fujiwara (2011) P | spatially on neighborhood y (in sample) (DynamicGEV)
[3] Alarge_z clique _ Conformity (_:urrent Behavior
representing a nation (in sample)
Random sparse networks
with links probabilistically . .
Paez & Scott | K hoi based on homophily from ¢ Conforrr_utyl Pfast Beha_vlor Utility Maximization
(2007) Teleworking Choice two-dimensional social (Dynamica (_rom previous (Binary Logit)
: Systems) simulation timestep)
lattice (9 networks
generated)
Random sparse network
Paez. Scott. & with links probabilistically | Conformity Past Behavior Utility Maximization
Volz’ (2008’) Residetial Choice | based on varying degree | (Dynamical (from previous (Mulgnomial Logit)
distributions & clustering | Systems) simulation timestep) o9

(24 networks generated)
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Paper Authors

Application Area

Social Network

Social Influence

Influence Sources

Decision Rule
(Model)

Egocentric network of up t

Current Behavior

Utility Maximization

[1] Pike (2014) | Mode Choice five contacts (contacted | Conformity (respondent reported] (Multinomial Logit)
within last six months) P P g
Nearest neighbors based . . o
[2] Pike (2014) | Mode Choice gpatially ranging from Conformity g:g:rr: EIS:)hawor tjl\;'ﬂ%nhg?n);grfgt'%n
within 250 to 25,000 feet P g
[1] Egocentric network of Current Behavior
co-workers with advice Conformiy (respondent reported
Scott, Dam, Paez Teleworkina Choice seeking contact P P Utility Maximization
& Wilton (2012) 9 [2] Egocentric network of Current Behavior (Multinomial Probit)
co-workers without advice | Conformity (respondent reported
seeking contact P P
Sidhartan, Bhat, A large cligue of everyone;] . . o
Pendyala, & Mode Choice weighted inversely to Conformity g:gzrr: Eliee)hawor (Ul\ﬁllﬂ%n'\g?n);grg?cfgg
Goulias (2011) spatial distance P
[1] Large cliques based .
Walker, Ehlers, spatially on residgtial Conformity g:rsrzrr: Els(;hawor Utility Maximization
Banerjee, & Mode Choice postal code P (Mulgnomial Logit)
Dugundji (2011) [2] Large cliques based Conformity Current Behavior

socially on income

(in sample)
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Decision Rule

Paper Authors | Application Area Social Network Social Influence | Influence Sources (Model)
[a] Conformity (_Zurrent Behavior
(in sample)
[1] Large clques based Prefecturdevel
spatially on prefecture [b] Compliance education, household Utility Maximization
Wu, Zhang, & | Tourism (Social Norms) size, & household Y

Chikaraishi (2013)

Participation

income

[2] Large cliques based

Current Behavior

, . Conformity .
socidly on occupation (in sample)
[3] Large cliques based Conformit Current Behavior
socially on income y (in sample)

(Mixed Multinomial
Logit)

Note: Social networks are assumed to be undirected and weighted evenly between contacts unless othdrwise stat
Multiple entries from a single paper represent distinctively different models.
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7.2.2 Discrete Choice Models of Conformity

As shown inTable20, conformity is the primary social influence mechanism modeled in
transportation. An individual conforms when that individual desires to change their own
behavior to that of another person or persons (Cialdini and Goldstein 2004). Since the
behavior of others may be correlated through unobservable factors and sinyltanei
conformity is considered an endogenous social influence mechanism. The use of
conformity in travel studies is a simple extension of previous methods because it requires
no additional data collection since choice data is often collected in travelsstudie
Individuals also tend to be able to observe the choices of those closest to them and,
sometimes, the publicly made choices of people outside of their social contacts.
Therefore, an individual may have perceptions of the choices of people with similar
sccial standing although they may not have intimate relationships with these individuals.
This is also a weakness as these perceptions may be biased since individuals have limited
information (e.g. limited exposure, extrapolations from limited observatioedia bias)
and limited cognitive abilities (Kadushin 2012).

Due to the crossectional nature of most travel surveys, most conformity models
use an endogenous influence source based on the current behavior of peers. Most of these
models use the followinfprm to represent the utility observed for an alternatiharing

the current time periotd

AQt £ (39)

where;
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p) k the utility an individuah obtains from choosing alternativen the

current time period

W k 1if individual g chose alternativein time periodt; O otherwise
NN "Q¢ k anindividualginindividualnb s soci al contacts
A£Q¢ £ Kk the number of individual s in indi

- k unobserved individudkvel effects in time periotifor alternative
(can include individualevel correlated effects)

This form assumes a direloenefit effect is generated from conforming to the behavior of
others (i.e. utility itself is directly increased by conforming). Bariformity is not always
generated by the same motivation; the question of why are people conforming often is not
being answered. Are individuals transferring information? Are people envious of others
and aspiring to obtain a similar status? Is thisgustd and people are just following the
crowd? These motivations have important implications when the dynamical processes of
behavior are analyzédto determine the decision process between time periods and thus
long-run behavior. Dynamical models in thieeraturé® use the past behavior of peers as

an endogenous influence source and typically use the following form:

. ‘ W
Te s s (40)
where:
W k 1 if individual q chose alternativein time period-1; O otherwise

31 SeeTable20 for examples where social influence occurs through conformity via dynamical systems.
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But this model specification is mastlevant for behavior where imitating others provides
direct benefits such as in popularity and status seeking. In contrast, if the conformity is
i nformational, then perhaps the individual
option or the attribtes of the new alternatives should increase in attractivéness

The level of detail to determine the factors motivating the social influence process
are lacking in the travel behavior field. With proper data and modeling techniques, a
better understandinof the social influence processes may be inferred. Grinblatt et al.
(2008) presents an example with their thorough analysis of Finnish vehicle ownership
study involving statgrovided data on location and vehicle purchasing behavior. With an
extensive diaset and varying model specifications and descriptive statistics, they suggest
that transfer of information is the most likely method of influence in their study.
Additionally, they found that their results could possibly support conformity or status
sigraling but likely refutes hypotheses about individuals feeling envy towards other car
owners.

The travel behavior field needs to place greater focus on the behavioral and
societal motivations behind the social influence process. In the next section, some

examples of the motivations for social influence are explored.

7.3 Social Influence: Types and Motivations
Social influence has been studied extensively in the social sciences and a comprehensive
introduction and review is beyond the scope of this papéméie(1958) provides an

early taxonomy to describe social influence through the types of compliance,

32 A model of informational comfrmity is developed in Chapter 8.
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identificati on, and internalization. Il n Ke
request, implicit or explicit, and a desire to fulfill that resfie Compliance is a public
act and may involve no change in oneds per
from compliance is due to tleecial effeco f accepting i nfluenceo (
Identification involves association with an indival or group and a desire to partake of
behavior that is expected of said individual or group. Identification is a public act with
the purpose of relationshlpu i | di ng with the influenti al i
satisfaction derived from identiftion is due tothactof per f or mi ng as suc
1958,p53) . I nternalization involves the recog
of behavior that one believes in. Internalization is a public and private act that involves
changi ng eofnse 6tso btenose of the influencing en
satisfaction derived from internalization is due tocbatento f t he new behavi c
(Kelman 1958, p.53). However, conformity, the most commonly modeled influence
process in travel tevior, can be a component of each of these influence processes.

Due to this limitation, this paper instead will emphasize a specific view that
closely parallels the generalized framework for social influence models of discrete choice
and the majority owork in the travel behavior field. The types of social influence are
simplified along the lines of Cialdini and Goldstein (2004). Their review concentrates on
|l ate 1990s and early 2000s soci al infl uenc
indrectand nonconsciouso sources of social 1inf

likely to be present at the data scales relevant for travel behavior research that uses

¥ please note that a different definition of compliance (see section 7.3.2) was Tiséte20.
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discrete choice modeling. Cialdini and Goldstein (2004) separate social influence into the
two types of conformity and compliance. Individuals are influenced by others when it
serves their motivations f@ccuracy affiliation, and/ormaintenance of a positive self

concept

7.3.1 Conformity

Individuals conform when they attempt to match the bielmaf others. Thus, conformity
parallels the discussion on endogenous social influence effects since the influence
medium is a function of the choices of others. Conformity can be informational, where
t he goal is Ato formadn ta/c @awnrda thee hianvtee rcrr @ te
nor mative, with Athe goal of 606).Cialdimansh g s oc
Goldstein (2004) frame different research areas in conformity through the motivations of
accuracy, affiliation, and maintenance gfasitive seconcept. These research areas are
listed below:
1 Accuracy
o Perceived Consensus
o Dynamical Systems
0 Automatic Activation
1 Affiliation
o Behavioral Mimicry
o Gaining Social Approval

1 Maintaining a Positive Selfoncept

0 Majority & Minority Influence
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o Deindviduation Effects

The model forms generally used for conformity can fit many motivations, but
these motivations need different interventions to generate changes in the strength of
social influence effects. For example, if influence is motivated by accdrgeto
perceived consensus, then changing behavior may involve exposing individuals to
alternative behaviors in order to break the consensus perception.

The conformity modeled in the common model forms in equaf@®sand(40)
introduces ambiguity in the identification of the influence mechanism. Often these
models can be explained by each motivati@tcuracy, affiliation, and maintenance of a
positive selfconcept. Br exampleperceived consenspsarallels the Brock and Durlauf
(2001, 2003) model where social influence occurs through perceptions of the behavior of
others, but they assume rational expectations which correspond with the actual average
behavior*. Applied work in transportation has not measured behavioral perceptions. In
individual activation individuals minimize cognitive effort by imitating the actions of
others. This technique may possibly be measured in social influence models if individual
level effects @ are approximately zero. Fgaining social approvalindividuals may
i mitate the actions of others in order to
esteemo (Cial di ni6lH.indhajodty ihfldendegroupmendrd 4, p .
Ali denti fy] wit h6l2)andreay desirg ® sigha 10 themsaives(apd.
others that they are a member of said groups by exhibiting similar behavior.

Deindividuation effectparallels research on the social identity approach (Reichér et a

3 Liand Lee (2009) counter the rational expectations assumption by using data that measuiedhbehav
perceptions and Manski (2004) encourages the measurement of expectations.
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1995) and may present as a social nebased influence where the norm is conveyed

through the observed actions of similar others.

7.3.2 Compliance

In contrast with conformity, compliance draws parallels to contextual social influence.
Influence is nofrom the individual seeing or perceiving the behavior of other but by
advice, commands, and norinthat trigger specific behaviors. These triggers can be
explicit (e.g. direct request from a supervisor) or implicit (e.g. an advertisement). For
social inflience through compliance, Cialdini and Goldstein (2004) mention a number of
different research areas for motivating compliance including:
1 Accuracy
0 Affect and Arousal
o T h a-mobta#l Technique
0 Resistance
o Authority and Obedience
o Social Norms
1 Affiliation
o Liking
o0 Reciprocation

o0 Door-in-theface Technique

% Norms may affect individuals through both conformity and compliance. In normative conformity, the
norm is conveyed directly through the behavior of others. In complianea®, atbnues of influendesuch

as advertisements, advice, commands, policies, laws, and ideai typessed to convey the norm to an
individual.
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1 Maintaining a Positive Sel€oncept
o Footin-thedoor Technique

o Consistency and Commitment

Compliance motivations have been limited in travel models of discrete choice
with the only examples involvingpcial normgWu et al. 2013, Goetzke and Weinberger
2012). Social norms can be classified into injunctvewh at i s typically
appr oved/ diosdaspriptivonormgiiowh at i s typically done
Goldstein 2004, p. 597Authority and obedienamay bepertinent to work on the
influence of authority figures at work and home and coucuéiure elements. Theot-
in-the-door techniques used often by individuals, groups, and institutions to encourage
compliance by removing barriers to an option fomgited time such as free transit days
or biketo-work days. Inconsistency and commitmeah individual may be motivated to
perform behavior in accordance with a prior promise they made. The individual will
attempt to maintain consistency with their smihcept. Cialdini and Goldstein (2004)
note that this is particularly effective in individualistic societies compared to collectivist
societiesAffect and arousadlso has relevance due to advertising techniques.
Advertisements attempt to entice favorabheotions in their ads to compel individuals to
change behavior.

Cialdini and Goldstein (2004) is not the only appropriate taxonomy for describing
social influence, but their work is showcased here to show that the motivational patterns
of social influencevork through different processes and serve various motivations.

Additionally, these motivation patterns work at different levels of social interactions and
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access different types of people that an individual may come into contact. Thus, the social
networkof the individual and the processes that form and shape that network will have

important implications on the effect of social influence in the decision process.

7.4 Social Influence and Social Networks

In social influence processes, it is critically impmttto understand who transfers
influence to an individual. In social network terminoldtyiodes represent individuals
and edges indicate the connections between individuals. These linkages between
individuals form a comprehensive social network, andstmergies between social
networks and social influence need to be taken into account when modeling social
influence.

In studies of social influence and diffusion, varying strains of research support
and refute the hypotheses that influence occurs prinagudyto: (1) personal influence
between the direct contacts of an individual, (2) the influence of social groups, social
circles, and social position, and (3) the influence of marketing and the media (Kadushin
2012). Since each of these sources entailsrdifit social interactions, this translates into
a critical connection between the social influence mechanism, the underlying social
network, and the sources of influence. Thus, social influence hypotheses require different
social networks to explain thédehavioral processes correctly, such as:

1 Minority Influence In minority influence, individuals in a smaller group (the

minority) may influence the behavior of members of the majority by appealing to

36 Extensive definitions of social network terms will not be covered here. Please consult a textbook on
socid networks such as Jackson (2008).
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a shared identity. Because of the importance of ovaragpsocial circles to create
shared identities, a network of close contacts as well as acquaintances would be
an appropriate social network for studying minority influence.

1 Comparative Happines$n comparative happiness, individuals compare their
currentsituation with that of a target peer. If there is a discrepancy, the individual
may emulate the target peer to gain a more favorable condition. Because the
cognitive costs of making comparisons are high, a social network with small,
intimate connections awld likely be most appropriate.

1 Authority and Obediencén authority and obedience (i.e. social power), an
individual emulates the behavior of those with higher social position. Thus, a
hierarchical social network showing roles in an organization andirtetions of
social power would be helpful.

1 Affect and Arousaln affect and arousal, a source attempts to appeal to the
emotions of the individual in order to trigger favorable behavior. A possible
network structure for this influence mechanism majuithe a bipartite network

showing connections between individuals and advertising sources.

7.5 Summary and Areas for Future Research

In this chapter, a generalized framework to behaviorally describe choice models of social
influence was presented. The framuek focuses on the microfoundations of social
influence, but alsemphasizes the similarities in different forms of social influence

models previously presented in the literature and fmwsthe role of social networks in

these modeldJnderstandinghe motivations for social influence has a critical role in
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determining the social network and influence sources to use in modeling various choice
behaviorsinterdependendeetweerthese aspects affects the behavioral explanation of
choice decisions whichiiwhave impacts on the effectiveness of different policy
prescriptionsThe complexity of social influence and the various and conflicting
motivations for social influence make it critically important to understand the behavioral
process rather than soletomparing competing model specifications for statistical

significance alone. As Kadushin (2012) explains, identifying influence is difficult due to:

1T Anthe practical problems of finding the
T Athe theoretical pr oblneamsu roef onio dtehlei nign ftl
f Adi stinguishing between the effect of m

specific individuals who mit49ht i nform o
The dfferences in social influence types, sources, and motivations have itigulgcan
applying these models fghortrun and longrun policy analysisiue to varying
outcome¥’,
The flexibility of the framework presented can be used as a taxonomy for
describing social influence choice models as well as a springboard for furémictes
andapplication. In particulamew focus can be applied to:
1 New decision rules such as regret minimization (Chorus 2010, Zeelenberg and
Pieters 2007), prospect theoandeliminationby aspects (Hess et al. 2011)
1 Heterogeneity in the social influem mechanism depending on classes of

individuals® (Kuwano et al. 2012)

37 An example of this is shown in Chapter 8 where the equilibrium properties of a model of informational
conformity vary from those of a model with dirdmnefit conformity such as Brock and Durlauf (2001).
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T Incorporating new social influence mechanisms and motivations

1 Exploratory work to find new influence sources that affect social influence aside
from the choices of others such as atlés, perceptions, past experiences, ideal
types, and the salience of social identities

1 Mixing social network types and structures when using multiple social influence
mechanisms

1 Deriving and analyzing dynamical and equilibrium behavior beyond reflexive
large cliques and meaeffect conformity due to the greater variety of social
influence processes, network configurations, and decision rules possible

1 Incorporating cognitive and spatial limitations on network formation

1 Developing and applying dynamic modefsnetwork formation and discrete
choice (Gulyas and Dugundji 2006, Snijders et al. 2010)

1 Assuming more complex payoff forms beyond the liregsarameter
formulation such as multiplicative combinations of factors (e.g. cross effects)

1 Incorporating netwik statistics (e.g. centrality, closeness, diameter) into the
modeling process as explanatory variables (Dugundji et al. 2011) or to trigger

changes in social network mechanisms and influence sources

3 A sample modl formulation using a confirmatory latent class model is shown in Appendix E.

39 A model of informational conformity is formulated in Chapter 8.
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ChapteAn8l nformati onal Modadlor mi

Table 21. Chapter 8 Summary

This chapter describes a formulation of a choice model of informat
conformity which uses a latent class structure. The class
membership model depends on the proportibgroup members

Background & exhibiting a particul amordeha

Brief Summary informedo class will cause a
individuals, thus making the behavior more attractive. These
Ai nformedd indivi dual stothergeal om
accuracy.

As stated in section.2.2, the current stataf-the-art is conformity
models with direct benefit social influence effects. Specifically,
indirect effects have seen limited development and one examp
this is the modling of an informatioal conformity hypothesis. The
informatioral conformity model developed in this chapter will
demonstrate the additional behavioral realism possible with chg
models and serve as an example of an enhancement to curren
models.

Motivation

1. A modelwas formulated for incorporating informatarconformity
into a choice model via a latent class discrete choice model for

2. Equilibrium properties were derived for this model which showg
the possibility of multiple equilibria

3. The directbenefitconformity model was found to be similar to th

Resuts informational conformity model with different behavioral
assumptions which resulted in different equilibrium properties

4. A Bayesian inference procedure was proposed to handle hypot
testing and to derivpredictive distributions

5. A two-stage control function approach was proposed to handle
endogeneity in the social influence effect was handle

1. The model cannot prove the existence of informational conform
without data obtained through an agmiate causal experimental
design

2. Actual informational levels are lateahdcannot be observed and
are thus inferred throughodel fit,hypothesis testingand modeler
experience

Limitations
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8.1 Introduction
Informational conformity is a social influence processwige t he goal i's Ato
accurate interpretation of reality and beh
p.606). Informational conformity is a form of social influence that is mostly motivated by
thegoal of accuracyTo model social influece viainformational conformitya
confirmatory latent class approagtess 2014) is useth this approach, an a priori
behavioral hypothesis is made that informational conformity occurs through a
stratification of the population into different informed clas§dss stratification is
posited to beorrelated withindividuaklevel and environmental factors as well as social
influence effects. Individuals in each informed class have differing choice perspective
which arerepresented by claspecific choice mods. A generalized model of
informational conformity using the confirmatory latent class approach is formulated in
Appendix D.

In this chapter, a binary logit informational conformity model is formulated with
two information classest is hypothesized that choice depends on information derived
from individual factors and social influence. This information causes changes in the
preferences (i.e. choice model parameters) of individkajsre24 summarizes the
approach where twdasses will be modeled with clagigepresenting individuals who
have been informed of some preferable featuresparticular type of behavior amthss

¥ representing individuals who are not socially influenced
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Individual
Characteristics
xn

Informational
Conformity

Choices of Less More
Others Informed Informed
Ygm) Class

Choice
Yn

Figure 24. An Informational Conformity Model S pecification
8.2 Binary Choice Formulation
This formulation will be written under a binary choice decision. Begin by assuming a
populationN of decision makers where individuals are connected in a social neBvork
Each individuah is faced with a choiceask where the individual must choose between
two alternativeso ip . In this population, individuals may be influenced via
informational conformity (clas& or not influenced (clasg). This process is
unobserved and will be modeled latently with discrete classes. Class membership is

affected by the prevahee of a behavior in a population. Specifically, this could represent

knowledge of the behavior being transferred to individuals through seeing the behavior in
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the population. This will be denoted by the information functigmvhich will take the

following linearin-parameter forif:

e EEe T (4)

where:
a k individuatlevel characteristics of individual
| R k information (classnembership) model parameters
-» k error term for individuah
Assuming that the error term is 11D logistic (with location O and scale 1), then the

probability for an individual to be in tHe m o infemed class takes the familiar binary

logit (logistic regression) form aslfows:

, w
y o @D Agpa 1 B FOF &
“ Pr aob w ) ) (42
where:
&) k the class of individuat, whichcan be either informeei or
uninformedy’
Accordingly, the probability of being in clagsfollows:

“9'No time superscripts are used in this formulation as it is assumed that the modeler will choose an
appropria¢ formulation. The model can be formulated for both the esestonal and dynamic cases. The
equilibrium properties for the model (derived in the next section) will assume simultaneity.
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It is expected that individuals surrounded by others who perform tloa Acti
W p, may be able to reevaluate their preferences for the alternative under the new
information they receive from being exposed to the behavior more often than other
people. Thus, the preferences of these fimo
to the fAless informedod individuals. Assumin
the utility differences between behavioss ~ pht for an individualn for each class
why s given as follows:
R A (49
Yo ve” e - (45)
where:
oY f? k individuaklevel characteristics of individualthat are specific tthe
choice models for cla®s and clas® (may be the same as those in
the classmembership model)
W k individuaklevel characteristics of individualthat are shared
between both class and clas®/ (may be the same as those in the
classmembership model)
I YK Yk model parameters specific to clasand clas®i
Ie k model parameters shared by both classd clas®
T TYR YRS
YR Y k unobserved effects on individuafor classes andv, distributed

[ID Logistic(0,1)
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Thus, the probability of observing a choibe p for individualngiventham6 s c¢c | as s

as follows:
Y] T ¥ W A QTDW (b T Z(b (46)
p AgPYe 1’w
. , AgbYow 1w
7]

b6 pw o AogPY0 | e (4)
Taken together, the probability of obsieya choicen  p for individualniis as
follows:
b “¥pY «v¥pY (48)

8.2.1 Likelihood Function

Using equatior{48) and substituting vaks from equation@2), (43), (46), and(47), the

likelihood of an observation for inddual n can be written as follows:

flfl  RAMRD O p O

fl “YodY p 0Y «¥Y 5 Y p 0Y
A DD Agso " p
: A 5 .
P AGD 5 AgByY p Ao Y (49)
0 Aosh"© 0
P AGD 5 AgsbY p Agph Y

The likelihood and lodikelihood for a sample drawn randomly from a population under

a simple random sample for a set of parameters are given as follows:

flflf R f
" (50
flfl flfll B A M Rie
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8.2.2 Equilibrium Properties

To understand the equilibrium properties of this model, this section will consider the case
where all individuals have the same individieatel characteristics and are all connected

in a single large cliqueTherefore the only heterogeneity between individuals is from the

random utility ¢ VR Y ) and random information { ) terms. Therefore each individual
has the same probability of choosing alternative p:

-~ 5 “\JJ‘GW’ Agn«ld) oY) p

LTI
pA@'{QMbU pAQ’{Q‘]d)Uh

(51)

vE@Q ho1eno

£QE £ . AE p
From these three assumptions of heterogeneity in individual characteristics,

heterogeneity in class membership probability, and a large clique social network, the

market share of behavids p across the population is as follo&*

6 L 5 P _APRIG 4 Py 2

s, Ts, p AORI1G p ADR 16 (52
Ao 170 .. .

® QO 2R 10 &y P )Y (59

o AR 1o. p AOR IO

1 As mentioned in footnot40, this faomulation assumes simultaneity in the formulation because these are
the equilibrium properties. A8° Hb, the dynamic and simultaneous formulations become equivalent.

“2|tis assumedthab —B . & B, B .y ——. Thisassumption is most valid for
ss £ K E K

large groups as excluding a single individual will have little effect on the overall group market share.
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This is a fixed point problem since "Qw . Finding the solutions to this problem is
norttrivial, but a fixed point does exist in this case.
Proposition 7.1.(Equilibrium Existence for Informational Conformity
Model). For the model specified by the likelihood funct{d) with
heterogeneous agents in a large clique, there exists at least one equilibrium

@ such that:

0Y OYAQBR 1d
p Ag® &

rZ

o (54)

Proof:

The functionQw in equation(53) maps an interval unto itself, explicitly

mip © Tdp . Since pandm 0Y pas
wellasmt 0Y p,thenQy —0Y ——0VY
must be between 0 and 1. ByeBrouwer 0s

intermediate value theorem, there must exist at least one fixed point such
thatwy "Qu .
Multiple equilibria are also possible with this model formulation when the following
assumptions are made:
Assumption 7.1.(Behavioral Properties of farmational Conformity
Model)
a) 0¥ 0Y [Superiority of Preferences for More Informed Class

over Less Informed Class]
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b) T 1 [Increasing Market Share cannot Decrease Information
Transfer]
Specifically, the properties of the first and second devieatcan be used to observe
when it is possible for multiple equilibria to exist. The existence of multiple equilibria is
explained in the following proposition:
Proposition 7.2.(Existence of Multiple Equilibria in Informational
Conformity Model)
On the interval ofd  1ip the number of equilibria for equati@b4) can
be determined through the following conditions and properties:
a) When0 ¥ 0 Y, there exists a unique fixed point to equation
GAhatw 0OY 0OY.

b) Wher T, there exists a unique fixed point to equa(e4) at

W
c) When Q’I TLor Q] p, there exists a unique fixed point to
equation(54).
d) Whenrt Q’I p, there can exist 1, 2, or 3 fixed points to
equation(54).
Proof:
Starting from equation&?3) and(54):

T 1 0Y 0Y AR 1o
T AogB 10 p

(59
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!

»n ’ T‘\JJ ’?’\JJ 3 v ’ 12
Qw 1 0 Y Ao 1w AR T p (56)

a)

b)

d)

T w Ag® 10 p

For Proposition 7.2(a), when¥ 0Y .1 "@j! & 1 Thus
the function is constant and takes a single vidie 0 Y

0 ¥ . Since this value is between 0 and 1, there is a single fixed
pointatey 0Y 0VY.

Proof of Proposition 7.2(b) follows similarly to the proof
Proposition 7.2(a). Whén 11 "@jT @ mandQw is thus a
constant function thaexists between values 0 and 1.

Equation(55) and Assumption 7.1 shows thgto is a

continuously differentiable and monotonically increasing function
since the first derivative 60w  mtfor oM 1ip . Thus, the only
way for the function to cross the lioe "Qw multiple times is

via an inflection point. Using equatig¢f6) to find inflection points
by settingthe second derivativequal to zero, an infléion point

will occur at’Q 1 w T1Or equivalently ato @] . Thus if

this inflection point occurs outside of the region Tip , then
inside the regiomoN Tdp , "Qw will cross the linad  "Qw only
once.

Continuing from the proofdr Proposition 7.2(c), if the inflection
occurs inside the regiad™ T1dp , then it is possible for the

curve™Qw to have a root located before the inflection point at a

valuem "Q1 and/or after the inflection point at a value
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K9} w p. Ifaroot occurs both before and after the
inflection point, then there could possibly be one additional root
before, at, or after the inflection point.
An additional rare possibility is for the curi®@w to have a root at
the inflection point ad to be tangent to the line "Qw at this
inflection point. If this occurs, then a root may also occur before or
after the inflection point as well, thus causing two roots.
Additionally the following corollary was derived for understanding coadgipertaining
to characteristics of the equilibrium system as the individiexal and endogenous social
influence effects vary
Corollary 7.1. (Limits on individuatlevel effects and endogenous social
influence effects)
a) AsQ®  Hy there will exist a fixegboint to equatiorf54) with a
rootatw 0 Y.
b) AsQC Hp, there will exist a fixed point to equati¢dd) with a
rootatw 0 Y.
c) As'QO Ho, there will exist a fied point to equatio(b4) with a
rootat® 0 VY.
Following from Corollary 7.2he following corollary was derived for understanding

conditions pertaining to complete adoption of an alternative:
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Corollary 7.2. (Complete Adoption Conditions)

a) When0 ¥

mand asQ®  Hb, there will exist a fixed point to

equation(54) with a root ato 11, and thus, all individuals will

choose optiomd> 1 £.

b) Whend ¥

p and asQ® Hb, there will exist a fixed point to

equation(54) with a root ato  p, and thus, all individuals will

choose optiomd  pH €.

Figure 25. Equilibrium Plots for Varying |and # Parmeters

To aid the reader, the figures that follow are various plots of equ&udpifor different

values of the parametefSor Figure25 throughFigure27, 0 ¥

In Figure25, the left plot shows equilibrium conditions in which Tt The red

shortdash line corresponds 1@

nand0 ¥ p.

p, the blue detdash line corresponds@ 1, and

the green log-dash line corresponds @ p. The right plot shows equilibrium
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conditions wherils fixed to 0. The lines (in order from bottommaost to topmost)

corresponds to valuesiof Tipltft.

10

08
|

0.6
|

04

Figure 26. Equilibrium Plots with ITﬁ fixed at-0.5

In Figure26, the ratio of (F is fixed at 0.5 which corresponds to a condition where
multiple equilibria may exist. All four@® -tuples have a root & 1t Three tuples
has a single, unique fixed point: the dldotdash T@fp line, the red dotted pit
line, and the green shedish  ¢ht . The purple longlash thp line has three

equilibria with the additional equilibria located near 0 and 1.
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1.0

08

04

02

0.0
|

Figure 27. Equilibrium Plots for Varying |71¢

Figure27 shows how the change in slope varies as the fatiacchanges. The lines (in

order from bottommost to topmost) corresponds to e -tuples values of

~ ~

ot h ot h ofph ohw .

o

1.0
1.0

04 0.6 08
! 1
08 08
! !
06 08
! !

04
04

0.2
!
0z
!
02
!

0.0

X X X

Figure 28. Examples of3, 2, and 1Equilibria Conditions
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Figure28 shows examples of the number of equilibria possible from the inforna&tion
conformity model formulation. For the plot in order from left to right, tii -tuples
values correspond to the following @ha® h @hpd ¢ W @hp . The leftmost plot is

an example of threequilibria, while the middi@lot showsarare two equilibria solution.

8.2.3 Comparison to Statistical Mechanics FEffect Formulation

The statistical mechanics formulation of Brock and Durlauf (2001) is a special case of the
informational conformity model, but it requires differences in behavioral assumptions.
Specifically, it requires that akeaohdicevi dual s
w mand individuals in the Amow ep.i nformed?o
Additionally, the endogenous social influence effect in the information model of equation

(41) must allow for both positive and negative influetic&o show this, the formulation

will be eased by making the binary choice magpto  ph p . Accordingly, the

average behavior of social contacts now ranges ffoto +1 as explained in footnod8.

The formulation is afllows:

0 To -
RV OO T i
WoE i v Q
Y b -Y 57)
“»Y o o =Y
p €™M 0QI Q
“I'n other words, if | ess t hanp,thed Mdivimdals @ expediences oci al ¢
negative information and thus be even more I|ikely t

and influence term is remapped from {0,1} td {+1} by cee ¢w p.
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The equilbrium conditions are as followwshen homogeneity of individudével effects

is assumed
6 L 5 P ARG p 5 (59)
s Js_ p Aomi1o P p Agmia P
, Ag® 10 p . ..p. )
) S ADE O OAIEEQ‘](o (59)

This reduction to the hyperbolic tangent f
equivalent to the Brock and Durlauf (2001) formulation wiizamd] are doubledThe
existence of equilibrium follows from Brock and Durlauf (2001) Proposition 1 due to
Browuerds fixed point theorem. The multipl
Proposition 2 such that:

1. When'Q Ttand ¢, three equilibria exist.

2. When'Q Tmand| ¢, then the number of equilibria (1, 2, or 3) dependa on

threshold. This threshold is a function'@and] .

8.3 Bayesian Inference and Application Procedure
Latent class discrete choice models are known for difficulties in estimation vienonaxi
likelihood estimation (Hess 2014, Bhat 1997). This is primarily due to two concerns:

1. LocalOptima.The likelihood function for a latent class discrete choice model is
not globally concave as in the common multinomial logit model. Because of this,
traditional optimization approaches may converge to local optima with no
guarantee oit being a global optimum.

2. Nonrinvertible Hessian MatrixBecause numerical approximations of the Hessian

matrix are used, nedliat likelihood functionsand estimate valuesar the
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boundaries of the parameter space (Chung et al. 2806pusdassues with

properly deriving the Hessian. This can cause the optimizatautels to

converge to an optimutmut not be able to invert the Hessian matrix to obtain an
asymptotic variace-covariance matrix.

. Model IdentificationThis is a limitation of the class membership model. The

classes do not have natural orderings, so swapping of coefficients between classes
can cause two different model specifications to have the same likeliabgsl In

a simple two class, binary choice example, assume that the probability of
membership in class 1 is constant at 0.25 with a corresponding choice probability
of 0.75 for its class 16s choice model
An equivalent model is obtained where class 1 has membership probability 0.75
with corresponding class 1 choice probability of 0.35 and class 2 choice

probability of 0.75.

Model identification can be handled by normalization of elgs=cific parameters

or byproper interpretation by the modeler. For the informational confommatgel

formulated insection8.2, this can be handled by normalizing the social influence

parameter to be positiv&€he most common methods for handling local optima and

Hessian inversin are to use traditional optimization routine at multiple starting values or

by using the Expectatiehlaximization (EM) algorithm (Bhat 1997). The EM algorithm

is a popular approach but suffers from issues with the speed of convergence and a

limitation to models without shared coefficien&ince the informational conformity
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model may have shared coefficients and may suffer from optimization problems, another

approach is warranted.

8.3.1 Motivations for Using Bayesian Inference

An alternative approach fastimating latent class models is to use Bayesian inference
such as in Hoijtink (1998), Garrett and Zeger (2000), Garrett et al. (2002), and Chung et
al. (2006).A Bayesian inferencapproach haa number of advantages including:
1. Bayesian inference procems do not require the optimization of a Howear
function. This strength is most relevant when new specifications of choice models
are used with multiple optima such as the latent class D@3 in Chapter 8
and Appendix E
2. Draws from the posterior cdie used to test an almost limitless number of
statistical hypotheses. Functions of parameters can be tested using MCMC draws
of the parameter estimates in a straightforward fashion (Lenk 2014).
3. Predictive distributions for forecasting can be construcyesirhulating the
model for each draw from the posteridhis provides a means to describe the
uncertainty in model predictions.
4. With proper choice of propetalculating the mean of the posterior distribution
via Bayesian inference a&symptoticallyequivalentto maximum likelihood
estimation due to the Bernsteron Mises theorem (Train 2009). As Train (2009)
says: AThe researcher can therefore use
estimates and then interpret them the same as if they were maxkelihobd

estimates (p. 284).
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These four motivations make the use of Bayesian infengabée for informational

conformity model estimation. Specifically, it has strengths in guaranteeing that the
modeler obtains variance estimates for parameters afwdther hypothesis testing as

well as it allows for describing the uncertainty in forecasting. The latter point is important
as social influence is an imperfect process and can be difficult to measure. Uncertainty in
parameter estimations can cause lawgigs in the predicted equilibria in some social

influence models.

8.3.2 Bayesian Inference for Fixed Coefficient DCMs

This section describes a procedure for Bayesian inference on fixed coefficient discrete
choice models such as the informational conftyrrmodel described in section 8.2.

Using a MNL model as an example, the model and sampling procedune dascribed

as follows:

Utility :
P [ ® -
-~ |ID extreme value
Observed Choice
W py D 5 16
Priors: (60)
“f is0 1 H wherei isverylarge

Conditional Posteriors

“T o © Adpw Adpw
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To calculate the posterior density for this model, the Metroptdistings algorithm is

used. A prior fof is assumed to be normal with a very large variance (i€ almost

flat). Thesteps of the process are as follows:

1. Initialize the chain with initial parameter valugs

2. Setd = 1, repeat until burin is achieved@ @ and until a sufficient number of

draws from the posterior are achievédl (® O :

a.

Draw g sindependent Maes from a standard normal distribution,

% 0 &1 ahdgs

For each parameter, generate a new value, T %0

Calculate the likelihood given the new parameter valites: 0 1 £ o0
&%

Draw a value from a urefm random distributiors Y& "Q Qértp &
Seta¢n & if— | Eiph—— . Otherwise, retaiix .**

Incrementd by 1

3. Usethedraws forQ oto calculate any posterior measures required (e.g.

mean, &andard @viation, confidence intervals)

In addition to deriving posterior measures corresponding to the parameters themselves,

the parameter draws can be used for constructing predictive distribution as described in

the next section.

4 Note that the posterior does not include the prior in thisutation because the prior is assumed to be
essentially flat (i.e. normally distributed with very large variance). Thus, since the prior probability for a

value off ,“

, is the same for all valuesiof— | E lph—— | E lph— .
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8.3.3 ConstructingPredictive Distributionsand Performing Hypothesis Tests

The application of choice models often involves using model parameters to make
predictions. For example, in the analysis of latent class models, class memberships in a
population are often calculateding a point estimatethe mean parameter values.
Because only one set of parameter values is used, the class membership is presented as a
singular value with no degree of uncertainty. The uncertainty in class membership could
be derived because the paetar estimates from classical MLE have an asymptotic
distributional assumption, bthis derivation can be tedioudess et al. (2011) show that
parameters exhibit correlation in latent class logit moaesch also increases the
complexity of deriving ugertainty analytically.
The MCMC procedures used for obtaining posterior distributions of the

parameters provide a useful technique for describing the uncertainty of a model and thus
t hat model 6s predictions as wmroddestimatibre dr aw
can be reused in an analysis that depends on the parameter estimates. This has the
advantage that the technique is straightforward to implement, asymptotic assumptions are
not needed, and distributions do not need to be derived. As ldhg dsaws from the
estimation are retained, they can be used to run the analysis on each draw of the
parameter set. Additionally, this makes the procedure easy to parallelize in computer
applicationsTo construct a predictive distribution for some pramtiof interest, the
following procedure can be used:

1. Obtain draws of parameter vafl uevheref r om t

Q o phw chd of8 Fo

186



2. Create a functioh GOf © + which takes input from a populati@nand a set
of parameter valués and creates a predictien,
3. Iterate through the setof dral’ls & pho ¢ of8 FO
a. Runthe analysis dn and store the predictio'n, Oh O =+

4. Use thepredictions+ forQ o pho cfo  of8 RO to describe the
uncertainty in the prediction by calculatingy measures required (e.g. mean,
confidence intervals)
Examples of analysis fetions include the calculation of the location and number of
equilibria (see section 8.2.3), class membership probabilities (as performed in section
9.6.1), and parameter elasticity (as performed in section %6/8pthesis tests can also
be performed byltering the analysis function to output a hypothesis test result. The
confidenceintervdl or a test is obtained simply by o

MCMC draws are in the hypothesized regionbo

8.4 Endogeneity in the Binar@hoice Informational Conformity Model

Social influence choice models are susceptible to endogeneity bias in model estimation.
This is primarily due to three common sources of correlation in these models: (1)
correlated individualevel and environmentdgvel effects; (2) social network link

formation due to homophily of behavior, opinion, and values; and (3) behavioral

feedback between an individu®lnéhssestehavi or

“5 See Appendix B for a more-iepth overview of endogeneity and methods of handling it that have been
used in previous research on social influence choice models.
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we will consider the case of correlated unobsersbi the latent class binary choice

model of informatioal conformity derived in the previous section.

8.4.1 Two-step Control Function Approach

The twostep control function approach is chosen due to flexibility compared to the BLP
approach for social indence choice models and due to being simpler to code in
commercial softwaf@than both the BLP and simultaneous control function approach.
Specifically, the BLP approach is useful when a study has social networks comprised of
large reflexive groups (Walkeet al. 2011) which are analogous to marKewvel effects.
When norreflexive networks are used, each individual may have a different value for the
social influence term. Thus the control function approach is more flexible in this respect.

To simplify the explanation, the average behavior of individdas s oc i al con

will be denoted as follows:
w
AEQt A& (61)

Using equatior{6l), the informational conformity model can be rewritten as follows:

.l To -
o Y BT
WoE®Mi LA Q
WY o veY g - (62)
VY vy oy oY
o p QW Tt

m €®Mi 0VQ Q

“® This tradeoff is pertinent for usén forecasting where practitioners often do not write custom code for
estimating choice models.
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The main issue is that due to correlated unobservables between an individual and the

i ndi vi dual 0 sw msag leicartlated with theerror F.er,mgﬁ Y in the
choice model portion. In this latent class model contbet endogenous variable is
located in the class membership model while the correlated error term is in the choice
model. Unfortunately, this separation does not prevent endogeneity bias as shown in the
simulation study in sectio® 3.2. Thus, we still mahave bias in the estimation of
parameters i hand] .

To handle this endogeneity in the social influence term, thestage control
function approach attempts to find an appropriate function for the endogenous variable

that uses instrumented variables

w —0 ’ (63
ov' mm o'-Y mm o'-Y = (64)
where:
0 k instrumented variables of individual

— k social influence measure model parameters

k error term for individuah

For the first step in the control function approaohis regressed on the instruments

and residualsHare obtained using ordinary least squares regression (OLS). Then, in the
second step, these idsals are inserted into the choice model and parameter estimates
are obtained using the original explanatory variables and the residuals:

e T -

w e n (63
W £ TRI ORI Q

-
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S’IIDW T\yd)\U Tzd)z TW’FU‘\U
p QY Tt
T £®i 0 Q

()
where:

f v fi v k parameters for the OLS residuals from the first step of the control

function approach (these can be clagscific)

8.4.2 Simulation Study

To test the control function approach, a Monte Carlo experiment was set up with a
synthetic poplation of 10,000 agents. Each agent is placed into a class according to a
class membership generation process and then makes a binarysehoicalp . The

data generation and model estimation were both performed in the R programming
language. Modelgtimation was performed using the maxLik package (Henninsen and
Toomet 2011). In this experiment, the true data generating process is as*follows

® pdto @t

. p ptw --
5 ¥ 00 m
W £ 8DI00

WY o pie v -Y (66)
WY p mieo o -Y

p QW Tt

noEERI 0l Q

W

where:

*" Simulations were also run by assuming a uniform and lognormal distribution.ftodel estimates
were still recoverable under those distributional agstions.
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0 X QEE I a v
O X QWE i G dddp
WX QUG i & i
YR YRS Q0 00 0
The experiment begins by generating the population of agents and generating class and

choice assignments for each. Setoa naive model is estimated that does not account for

endogeneity betweeah and- Y1 Y due tod . The naive model will take the following

form:
R | Tt -
o ¥ Qe o m
W o€ /L QI Q
Yo U p Y p v LY 67
S',.)\u i v i \ytw Y
o P QW T
m €W 0QI Q
Due to omitted variable bias,gh ex pect ati on i s +Kat the

will attempt to represent the sum of the trUe andv (i.e. a sum of a logistic and
normal random variable). The results of this naive estimation are shawableR22.

Table 22. Naive Model Estimates for LC Endogeneity Experiment

Parameter True Value | Estimate Std. Error T-value
| -1.00 -1.71 0.31 -5.59
) 1.00 -1.45 0.38 -3.84
P Y -1.00 0.55 0.08 6.98
PV 1.00 0.27 0.07 3.91
P Y 1.00 1.01 0.03 29.78
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-6.56

0.04

0.20 -0.23

f 1}

The naive results show bias in all variables with a reversal of sign ﬂothh‘é, and

i v parameters. Additionally, the ratioTof“’IIT Y also varies from the true model.

In the third part of the experiment, the tstage control function approach is

applied. For the first stagey is regressed ot as follows:

Table 23. OLS Regres®n Results for 2SCF Approach (LC Endogeneity
Experiment)

Parameter Estimate Std. Error T-value
intercept 0.12 0.0013 90.5
— 1.50 0.0019 795.2
Model Statistics
Observations 100000
Adjusted R 0.863
F-statistic 632000

Additionally the dstribution of the residuals is as follows:

Table 24. OLS Residual Statistics for 2SCF Approach (LC Endogeneity
Experiment)

Statistic Value
Minimum -1.33
1% Quartile -0.20
Median 0.00
39 Quartile 0.20
Maximum 1.27

In the seond stage, the OLS residualdare placed in the latent class model and

the corrected model is estimated. The results of the estimation for the correct model are

shown inTable25.
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Table 25. Endogeneity CorrectedModel Estimates for LC Endogeneity Experiment

Parameter True Value | Estimate Std. Error T-value
| -1.00 -1.05 0.08 -12.46
1 1.00 0.98 0.06 17.15
Y -1.00 -0.63 0.14 -4.49
P Y 1.00 -1.03 0.09 -11.86
P Y - 3.19 0.21 15.35
P Y 1.00 1.43 0.03 43.13
P Y 0.20 0.21 0.02 12.03
P Y - 3.41 0.06 55.30

In this corrected model, the class membership parameters are now all statistically

eqgual to their actual values. Additiona[ly,w andf Y are now statistically equal to their
actual values as well. The constants for the two classes are not equivalent, but this is due
to the constants absorbing the mean of the omitted vatiablach constant is biased
multiplicatively*® by the meamf’ which is 0.4. Additionally the parameter estimates

for the residuals are significant thus confirming that endogeneity is present.

8.5 Summary

In this chapter, an informational conformity model of discrete choice is proposed using a
confirmatorylatent class choice model framework. A binary choice formulation is
proposed using two classes: a fimore inform
membership depends on the decision maker and environmental characteristics as well as
endogenous social infénce. Once separated into separate classes, the choice model

which depends only on decision maker and environmental characteristics, exhibits

“8 This result was confirmed in another experiment in which the meanwés changed to 0.2 and
similarly the constants were also biased by a multiplicative factor of 0.2.
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differing coefficients between decisionakers in each class. Because of these features, it
is a type of indirecsocial influence model which is unique in the travel behavior
literature. From a behavioral side, the model does not exhibit properties similar to a
directbenefit formulation as the behavior of others does not in itself increase the
favorability of an aernative.

For this formulation, the equilibrium properties of the model are derived. Under
homogeneity andhild behavioral assumptions, the model exhibits behavior similar to
other social influence / adoption mosieln a me | 'y, t hskapdcarvei |Mualrt ifpsl e
equilibria are possible in this formulation, particularly determined byatie of
endogenous social influence effest@ampared tother norendogenous effects in the
class membership model.

A Bayesian inference proceduresisggested due tmptimization concerns,
statistical hypothesis testing, and construction of forecast distribufiomsee pr ocedur e
flexibility makes it applicable tother social influence choice models since it provides a
technique to construct distributions of equibmarket shares as well as distributions of
the quantity of equilibrisAd di t i onal | 'y, Bayesian procedure
use of prior informationf available

Additionally, this chapter covered endogeneity issues with astep control
function approach. Although not the only procedure available (BLP can also be used), the
control function approach is flexible since it works for differing social network structures
T whereas the BLP approach requires reflexive cligesmulation study was

performed and model estimates were recovered.
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In conclusion, this chapter presented a tractable model of indirect social influence
based on a motivation for accuracy. A binary choice formulation was presented in this
chapter and will be used in a casadstan bicycle ownership in Chapter Additionally,
Appendix D provides a generalized model formulation that expands the model to handle
not only preference difference, but also expectation and constraint differences. This

generalized model could be amaliin future research.
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ChapPt ernf ormational CBindyalme ty C
Ownership i n the United States

Table 26. Chapter 9 Summary

Qualitative studies have noted the importance of sodlakncein
cycling behaviorThis can start a process in which the individual
may begin to research the suitability of cycling and adjust their
opinions and behavior3o test forthis informational conformity
statistically, bicycle ownershils modeledn a natnal scale by
using data from the National Household Travel Survey.
Specifically, a latent class discrete choice model is formulated
which places individuals into classes based on information
exposure. Preferences for bicycle ownership vary between thes
classes. Information is signaled by €lgyel bicycle usage where
greater usage may induce householdshengeheir preferences.

Background &
Brief Summary

Existing research in cycling behavior has found the existence of sq
influence, along with household factorsdabuilt environment
factors. There have been limited studies of social influence in
cycling behavior and none have explored informational conforn

Motivation

1. Informational conformity model showedh at A mor e i
household$iad a greater chanoé owning a bike due tpreference
changesinstead ofdirectle nef i t s from ot he
sensitivityto smaller home footprints and limited incomes

2. The Bayesian inference and application procedure shown in se
8.3 was successfully demonséet

Results 3. The behavioral hypothesis of positive preference change due tq
information transfer was confirmed

4. Observed ownership share matched predicted-leval
equilibrium in many MSAs and the model did not show a strong
bias towards overpredicting or undemticting

5. The elasticity of social influence was found to range locally fron
about 0.50% to 0.80%

1. The dataset has no informat.
their social groups

2. The analysisiseschoicedata approach to determine a latential
influence process

3. This is not a controlled experiment so the model can only deter
that this is a possible behavioral process explanation that may

4. Without timeseries or panel data sources, equilibrium cannot b
confirmed to have been achesl in the observed ownership sharg

Limitations
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There is much interest in bicycling for promoting livable communities, improving public
health and the environment, and reducing energy usage. Bicycling has the benefit of
being a cheap, efficient mode of travel. Aaling to the Naonal Bicycling and
Walking Study Federal Highway Administration 201,d)icycle funding has grown from
less than 0.5% of funding in 1993 to about 2.0% of funding in 2009. Additionally, the
study stated that bike trips have grown to alfout billion trips as reported in the 2009
National Household Travel Survey (NHTS). But even with this growth, cycling is
heavily underutilized by American households. Approximately one percent of all trips
are performed by bicycle even though a largeber of American household trips are
within biking distance.

Wigan (1984 )proposed that understanding which households owned bicycles was
i mportant for determining bicycle usage.
directly (e.g. a bicycle belongs Person A and Person B is not allowed to ride it) is
generally not done in travel surveys. Therefore, household bicycle ownership is
perceived to be a proxy in its place. But bicycle travel surveys tend to be inconsistent,
with some asking about bicyatevnership while others do not. Analyses that have
included bicycle ownership have found it to have a significant effect on many aspects of

cyclist behavior.

9.1 Prior Research
9.1.1 Studies of Bicycle Ownership

For example, Sener et al. (20@®alyzed prceptions of bicycle facilities and

safety as well as trip frequency for both commute andaoommute trips. This research
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found that bicycle ownership (quantity of bicycles) was a determinant of commuting and
nonrcommuting bicycle usage. Bicycle ownggsmore heavily influenced nen
commute trips, but the effect was statistically significant for both trip types. Sener et al.
(2009)summarized some major findings from the field of bicycle research:

1 Men bike more often than women

1 Individuals between 25nal 45 years of age are more likely to bicycle

1 Caucasians and pétrime workers are more likely to bike

1 Higher income households are more likely to have cyclists

1 Bicycle trip frequency decreases with vehicle ownership and increasing

household size

1 Good landuse mix encourages cycling

Vij et al. (2013)attempted to understand and quantify different modality styles.
The study assumed that individuals have lifestyles which affect their mobility style, or
factors which determine how often a personcantrabel.e 6s mobi | ity styl e
effect on his modality style which is his tendency to use a mode type when traveling.
Bicycle ownership, a mobility style, had a positive effect on individuals who had a
tendency to be multimodal and individuals who werdtimodal and environmental
conscious. Pinjari et al2009)modeled residential location and activity thmge choice
using a joint mixed logit and multiple discretentinuous extreme value (MDCEV)
model. This study proposed that people who own a ld@ayay be more physically
active. It found that an increase in household bicycle ownership of one bike decreased

in-home relaxation time by 27%. The joint model showed that bicycle facility design
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mostly affected those with bicycles. Additionally thedst claimed that households with
more bicycles tended to pursue physically active recreational travel arseleelied into
neighborhoods with good cycling infrastructure. This effect was also found in Pinjari et
al. (2011), a study that examinedsef ect i on ef fects and the bu
on travel. Additional finding from this study were that bicycle ownership was positively
correlated with bicycle mode usage and that higher population and employment densities
encouraged nemotorized trasport. Bhat et a(2006)stated that the number of bikes
was positively correlated with caf-home recreation but negatively correlated with
social activities and smome relaxation and recreation.

More research on the connection between activitiebaedownership includes
Bhat and Srinivasa(2005)which examined the frequency of weekend activities. The
guantity of adult and children bikes was positively correlated with physical recreation
activitiesi with children bike ownership having a greatef f e c t . The study?o
were unsure if this effect was casual or just spurious. Bhat and LocK2@@4)
focused on oubf-home weekend recreation. This research found that young adults (16
17 years old) are less likely to participate in physicadijve recreation, such as
bicycling, compared to older adults. This study again cautioned that the relationship
between bicycle ownership and physical activity may not be causal, but it still advocates
that policies which encourage namtorized mode owership may foster physically
active recreational pursuits. Additionally, Bhat and Go$26@4)modeled recreation
activity choice using a mixed logit model and found that bicycle ownership may have

encouraged otf-home recreation activities.
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Additional studies about the influences of bicycle ownership on cyclist travel
behavior include:

1 Waller(1971)analyzed bicycle ownership among young childredaZ3/ears old)
in Vermont. A survey was conducted which asked about bicycle style, ownership
duration, ge of first bike ride, and injuries. This study found that bicycle style
affected injury rates and that the activity level of children affected bicycle style.

1 Owen et al(2010)analyzed differences in bicycle ownership in Australia and
Belgium. This stdy found no difference in bicycle ownership between men and
women and that bicycle usage was more likely in areas with high walkability.

1 Primeranq2006)analyzed travel mode choice but restricted the bicycle mode
choice to only households with bicycldsu$ making bicycle ownership a
determinant of mode availability. This exclusion allowed for less biased
alternative specific constant estimates for the bicycle mode.

1 Handy et al(2005)found that young bicycle owners with higher levels of
education werenore likely to travel by bicycle.

1 Ryley(2008)collected bicycle ownership data in the United Kingdom and found
that bicycle ownership was lower in areas with shorter travel distance. This was
attributed to bicycle storage problems in some urban neigbbdrhThe lack of a
bicycle was also cited as a major reason for not riding a bicycle.

As shown above, bicycle ownership affects many aspects of bicycle use. Therefore
directly modeling bicycle ownership may provide insight into bicyclist travel behavior
The author has found only three examples in the literature of estimated bicycle ownership

models.
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Pinjari et al.(2011)proposed to use a joint modeling approach that looked at
bicycle ownership and neighborhood type choice. Bicycle ownership wasedadgs#hg
an ordered logit formulation. Variables which positively correlated with bicycle
ownership included number of active adults in the household, number of children, male
householder, Caucasian households, household income, home ownership, living in a
singlefamily dwelling, and living in bicycldriendly neighborhoods. In contrast, single
person households and having a householder over 60 years of age were negatively
correlated. The research found that ignoringseliéction effects in residenceoite can
lead to underestimation of the effects of the built environment on bike ownership. It also
found bicycle ownership was influenced more by sociodemographics characteristics than
neighborhood type.

Yamamoto(2009)modeled bicycle, automobile, andtarcycle ownership in
Osaka, Japan and Kuala Lumpur, Malaysia. The study found that bicycle ownership was
affected by the number of workers, retirees, and children, population density, public
transit accessibility, income, and land use mix. Multinooigit and trivariate probit
models were used to study the relationship.

Handy et al(2010)examined bicycle ownership in six US cities. A nested logit
model of bicycle ownership, cycling frequency, and trip purpose was estimated. The
study found that ioome and being Caucasian had positive effects on cycling while aging
had a negative effect. They also found that the perceptions of cyclists had negative

effects such as the perception that cyclists are poor or spend too much on bicycles.
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9.1.2 Social Infuence Studies of Cycling Behavior

Recently, there have been a number of studies finding that social influence affects cycling
behavior Using a survey in Portugal and Belgium, Bourdeauhuij. ¢2@05 found that
utilitarian and recreational biking tripgere both impacted by levels of social support and
social norms. Among both Portuguese and Belgian adults, social support from friends
was significantly correlatedith frequency of cycling. Additionally, social norms

impacted cycling and varied betwede two locationsSherwin et al.Z014) usal semi
structured interviews and thematic analysis to analyze cycling behavior in the UK. Their
research found that individuals experienced direct social influence from family, friends,
co-workers, and governmeptograms. Additionally, individuals also experienced

indirect social influence from seeing strangers cycle, varying cycling culture between
towns, and gender norniBheir paper specifically mentions two quotes that support a
theme of information social ihfence in cycling:

A

Al 6ve encouraged others actually, cause
parents 60Oh | want to cknhastattelaschool on
few peopl®49oing it.o

AYou see people on their bikes, you see all ages frangyto really old

people on their bikes(..) | quickly worked out that | cayétito the shops
on cycle lanes without goingonaroad,Jso st art ed going out on

(p. 42)

Both quotes show that individuals can influence others who they are nateh @bntact
with through their actions. In the first quote, children changed their perceptions of
bicycling. And in the second quote, a woman noticed the cycling patterns of others to

infer the availability of bicycle routes.
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Goetzke and Rave (2011) usbiaary logit model to study social influence for
bicycle trips in 20 German municipalities. Their work found that social influence effects
were correlated with shopping and recreational bicycle trip generation but not for
work/school or errand trips. Fuka@nd Morichi (2007) studied illegal bicycle parking
behavior and social influence in Tokythear models found that social influence was a
determinant in parking behavior. Using an equilibrium analysis, they suggested that
police intervention could be u$¢o shift aggregate parking behavior to more legal
parking Additional studies that have found an effect between social influence and
cycling usethrough the use of discrete choice modetsude Dugundji and Walker

(2005), Walker et al. (23, and Pik€2014, 2015).

9.2 Obijective and Contributions

Although social influence has been identified as a factor in bicycle behavior including
mode choice and illegal parking behavior, no study has studied the effect of social
influence on bicycle ownership. Thibapter proposes to contribute to knowledbeut

the role ofsocial influence in travel behaviorin particular, bicycle ownershipthrough

the use of social influence choice models. Using data from the 2001 National Household
Travel Survey, an informatnal conformity mode{Figure29) is estimated and compared

to a directbenefit conformity choice model and a rewocial choice model.
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Figure 29. Informational Conformity Model of Bike Ownership

This gudy aims (1) to determine if social influence and bicycle ownership are

correlated, (2) to understand the differences in behavioral explanations of social and non

social factors, and (3) to use the informational conformity model to analyze the effect of

informational conformity on levels of informati@ass membershjpocalarea

ownership equilibrium, and social influence elasticltgis chapter makes the following

contributions:

1. Confirms the hypothesis of correlation between social influence anddicycl

ownership in the United States

2. Provides a behavioral explanatitmaccount for some of thregional and local

variations in bicycle ownership

3.Confirms the behavi

or al

hypot hesi s

a preference change that indubégher bicycle ownership probability
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4. Derives measures of the uncertainty in the effects of social influence in respect to
information class membership, ownership equilibrium, and social influence

elasticity

9.3 Data
For this case study, the 2001 Nationaludehold Travel Survey (NHTS) was used
(Federal Highway Administratiop001). Although the 2009 NHTS dataset is more
recent, bicycle ownership was not measured in that survey. The NHTS is a national
travel survey funded by the US Federal Highway Admiai&in, Bureau of
Transportation Statistics, and National Highway Transportation Safety Administration.
The 2001 NHTS collected data about househaituitheir travel habits. The analysis in
this chapter will only consider household level data from thiaskt. The survey
collected information about households directly through telephone interviews and travel
diaries and some built environment variables were also included in the dataset (e.g.
population density).

The 2001 NHTS consisted of a total sanfl€9,817 interviewed households
with 26,038 households from the national sample and 43,779 households from the nine
addon areas. The analysis in this chapter will draw from the total sample excluding
household not in one of the 50 largest metropolitatissical areas (MSAs). From these
households in MS#, household without educational, age, bike quantity, home
ownership, home type, or race datare excludedAdditionally, households that were
coll ege dorms or owned bywee alsoexipded Bhasnt 6 s

the analysis sample size is 25,563 households. Because of oversampling indhe add
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areasand limitations in survey recruitmenhe analysis will use the sample weights
provided in the NHTS dataset to reduce samplingfoialsISA-wide bicycle ownership
and for scenario analysis

Table27 summarizes some characteristics about thed¢imlds in the sample.
About 53% of households owned at least one bicycle. Taking account of weighting
about54% of American households the 50 largest MSAswned a bicycle. Most
homes that owned a bicycle have one or two bicycles, while a small percentage owned
three or more bicycles. The average household size was 2.54 persons wi2tahotit
housholds having childrehetween 6 and 17 years of &eMost households had at

least one vehicle with a median of two vehicles.

PACIFIC q/’""‘“"“-lll
" AK II.I

/f,&% Census Regions and Divisions of the United States

MIDWEST

.o PACIFIC
T a

= 115 Dparts =f Cormmeres, Ermeomics and Stakstion Adrisateation L5 Carmes B

Figure 30. US Census Divisions (US Census Burean.d.)

“9The 617 year age group was used as this is the age at whichechitdry be able to ride aduiized
bicycles.
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Table 27. Descriptive Statistics from 2001 NHTS(Only Households in MSAS)

Variable Value Label Value | Variable Value Label Value
Sample Size Households 25,563| Age 6-17 years old 18.
Bike 0 Bicycles 53.0% 1854 years old 54.4%
Ownership 1 Bicycle 18.0% 55 years or older 27.3%

2 Bicycles 19.0% | Home Own 74.4%

3 Bicycles 5.5% | Tenure Rent 25.6%

4 or More Bicycles 4.5% | Home Type | Detached Home 63.7%
Bike 0 Bicycles 54.%% Apartment 15.3%
Ownership 1 Bicycle 18.%%0 Townhouse 8.5%
(Weighted) 2 Bicycles 17.6% Duplex 4.1%

3 Bicycles 5.3% Mobile Home 1.9%

4 or More Bicycles 4.3% | Census New England 3.4%
Household Sizg Mean 2.54| Division Mid Atlantic 30.0%

Median 2.00 East North Central| 12.6%
Number of Mean 1.89 West North Central 2.6%
Adults Median 2.00 South Atlantic 23.2%
Gender Male 45.2% East South Central| 1.3%
(Adults) Female 54.8% West South Centra] 7.2%
Number of Mean 043 Mountain 3.2%
Children Median 0.00 Pacific 16.%%
(6-17 years) Households with 26.1%

Children
Number of 0 Vehicles 9.6%
Vehicles 1 Vehicle 29.6%

2 Vehicles 39.6%

3 Vehicles 14.2%

4 or More Vehicles 7.0%

The distribution of households was geographically skewed towards the areas with

addon samplesFigure30 (US Census Bureauwn.d) details which states are in each

division. About onehird of the sample was in tiMiddle Atlanticdivision and

approximately onguarter of households weretime SouthAtlantic division. The

smallest samples were found in the Mtain, East South Centr&lest North Central,

and New England divisions.
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9.4 Model Development
Threemodels were compared in this case study as follows:
1. Informational Conformity Latent Class Model
2. Direct-Benefit Conformity Logit Model (All Regressors)
3. Nonsocial Logit Model (All Regressors)
These models will be described in sections 9.4.2 through 9.4.4. In section 9.4.1, the

choice of social network for the analysis is described.

9.4.1 Social Network Choice and Justification

Due to a lack of spatial datidne chosen social network for this analysis is a large clique

based on MSA. This choice of network is justified for the informational conformity case
because information can be conveyed through observation as well as direct contact. It is
hypothesized thajreater bicycle ownership in a MSA would correlated with a greater
chance of seeing other individual sd bicycl
seeing bicycles in a neighbométhese gar age, or

observations, the hgehold may reevaluate their preferences for bicycle ownership.

9.4.2 Informational Conformity Latent Class Model Formulation
This model follows similarly from the specificationsaction8.2. As a reminder, the

class membership model takes the followiogf:

la AoPp

N

£Qt £ (68)
The regressors used in the class membership modétclude the following:

1 Respondent EducatigBase: High School Education)
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1 Respondent Ra@nd BEhnicity (Base: White, NofHispanic)

1 Household Census Division

1 Household Vehicle Ownership
These regressors were assumed to affect the transfer of information between individuals.
Specifically, it was hypothesized that individuals with higher educationddmimore
|l i kely to be Aimore informedo about cycling
minority groups would transfer information about cycling less than white households.
Due to data limitations, it was assumed that the householder who answered the
guestionnaire was representative of the ho
composition. For census division, it was assumed that some regions may have different
cycling tendencies because prior research showed lower bike ownership in the South
compaed to other regions (Maness 2012). There was no clear hypothesis for the vehicle
ownership parameter as greater vehicle ownership has been found to decrease bicycle
usage but greater vehicle ownership may be correlated with greater income.

The endogenousocial influence source chosen for this model was the 4S8l
bicycle ownership average. The social influence effect parametezxponentiated in
the estimation to aid in model identification and to make each group fit the behavioral
prediction of itreasing ownership leading to more membershipin&ldss . e. fimor e
i nformedod cl ass) .
The choice model component involves a binary choice between a household

owning a bicycle® p) and not owning a bicycley ). The choice model for each
class Whe is defined through a utility function difference with a logistically distributed

error term, thus making each class choice model an independent binary logit model:
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Theregressoshat are shared between both cl asses
1 Household Number of Children (aged )
1 MSA Level Bicycle Ownership Residual
The number of children in the household was placed in the shared regressors list because
children were assumed to have limitedde ct i nfl uence on i nfor ma
effect on travel preferences among the adults in the household. So while children likely
increased the likelihood of owning a bike, they are modeled here as contributing equally
bet ween fAmor e sisnfionrfnoerdnbe daon dh ofiusee hol ds .
Classspecific regressomsere chosen such thiatvas hypothesized that being
informed about the properties of bicycle o
preferences. The r egr es s choiemaddirelude:ar e speci
1 Household Number of Adults (aged348)

1 Household Number of Women (agedsi3

=

Household Number of Adults (aged 55 and over)

=

Household Number of Women (aged 55 and over)

Y Home Rent Status

=

Home TypdBase: Detached House)
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1 Household Incom@ase: Mddle Income, $25,000$75,000)

Prior research has shown that the size of a household impacts the number of bicycles
owned. Since larger households tend to own more bicycles, it was hypothesized that
having more individuals would induce more cycling. Agalso a factor in bicycle
ownership and usage and it was hypothesized that older adults would be less likely to
own bicycles. Additionally, gender has also been found to be a factor in bicycle
ownership as shown in the secti®d. This prior research kdound that women are less
likely to own and use bicycles in the United States and that hypothesis is tested in Model
1 as well.

Rent status was included in the specification to indicate the likelihood of moving.
Bicycles are oddly shaped devices whioh difficult to transport, aside from being
ridden. Therefore, it was hypothesized that renting a home would discourage bicycle
ownership. For home type, it was assumed that home type was a proxy for the available
space for bicycle storage and the eas#coéss and egress between storage and the street.
For detached singifamily homes, these homes are more likely to be larger (in terms of
available floorspace) or have additional facilities for storage such as garages and sheds.
Even though townhouses, deges, and mobile homes are also sifghaily dwelling,
these home types are likely to have smaller footprint and fewer storage opportunities.
Additionally, apartments also have small footprints and fewer storage opportunities as
well as their access argress may be hampered by stairways and elevators.

Although bicycles are priced such that many American households can afford at
least one bicycle (prices can range from about $100 to thousands of dollars), past

research has shown that higher income haldedre still more to cycle than lower
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income household (Sener et2009. Thus it was hypothesized that lower income
households would be less likely to own bicycles as compared to higher income
households. For households that did not disclose theim@gcthere was no hypothesis
for the direction of this effect. If it is assumed that these incomes are missing at random,
then the direction and strength of this effect could reveal the average income of
households in this group among the sample.

The likelihood function for this model fws from that shown in section21 in

equation(49).

9.4.3 DirectBenefit Conformity Logit Models

The informational conformity model will be compared to a traditional divecieit

conformity model specification. In this model, the decisions of other individuals in the
same MSA (average behavior or mesfect) are used as a covariate in the regression.
This is the common model described in seciiéh2 as the current stabé-practice. It

has its origins in the statistical mechanics specification of Brock and Durlauf (2001). The

directbenefit conformity logit model has the following specification:

W
£Qe £
" (7D
o P Q%’b T
T QY T

The householdevel characteristica include all the variables in the clasembership

Yo To

and choice modelsf the informational conformity model. It is expected that the direction

of the effect of each variable in this model will be similar to the hypothesized direction in
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the informational anformity described in section83. The likelihood function for this

model is the same as the common binary logit likelihood.

9.4.4 NonSocial Logit Models

Lastly, the model will also be compared to a4sogial logit model. In this model, no

social influence is incorporated. The rewcial logit model has the following

formulation:
Yoo o -
p QW = (72)
T QW Tt

The householdevel characteristica include all the variables in the clasembership

and choice models of the informationahéormity model. It is expected that the direction
of the effect of each variable in this model will be similar to the hypothesized direction in
the informational conformitglassmembership and choice moddksscribed in section

8.4.3. The likelihood furtton for this model is the same f@s commonlogit models

9.5 Estimation Results

Three model formulations were estimated corresponding to the formulations discussed in
section 9.4. Because of correlations in environmental effects among individuals in the
same MSA (e.g. similar bicycle infrastructure, recreational facilities, bike shops, public
bicycle funding), the mean MSkvel bicycle ownership term was tested for
endogeneityThe mean bike ownership of the closest MSA is used as an instruonent f
MSAd6s mean biikaawostagae emtrel Funcfion approa(SCF) Table28

shows regression results from the first stage of the 2SCF approach.
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Table 28. OLS Regression Results for 2SE Approach (Bike Ownership)

Parameter Name Estimate Std. Error T-value
Intercept 0.160 0.057 2.80
Closest MSA
Bike Ownership 0.658 0.123 5.35
Model Statistics
Observations 50
Adjusted R 0.36
F-statistic 28.6

Additionally the distributio of the residuals is as follows:

Table 29. OLS Residual Statistics for 2SCF Approach (Bike Ownership)

Statistic Value
Minimum -0.12
1% Quartile -0.05

Median 0.00
39 Quartile 0.05
Maximum 0.14

As shown in the regressionjsfinstrument is significant and thé ®r the model is 0.36
with a Fstatistic of 28.6. Although there are no strict tests for weak instruments in
discrete choice models (Guevaae2010), this regression does pass thetef test for
weak instrumentsof linear models (Stock et al 2002). It does not pass thesRfor

weak instruments (Hanh and Hausman 2002), but is close (the threshold is 0.40).
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Table 30. Class Membership Model Estimation Results foinformational
Conformity L atent Class Model

Parameter Informational Conformity LC

Class Constant -3.38*
Mean MSA Bicycle Ownership 5.03*
Less than HS Diploma or GED -0.56*
Associate Degree 0.41*
Bachelor Degree or Higher 0.53*
African-American or Black -0.62*
AsianrAmerican or Asian -1.18*
Native American/Pacific Islande -0.32
Hispanic -0.34*
Other Race, Noiispanic -0.05
Vehicles per Person in HH 0.61*
HH with No Vehicles 0.27*
New England Census Division -0.08
Middle Atlantic Census Division 0.15**
South Atlantic Census Division -0.05
East North Central Division 0.11
West North Central Division -0.13
East South Central Division -0.4G
West South Central Division -0.34*
Mountain Census Division 0.09
HH Located in Hawaii 0.09
Note:* denotes estimate-palue 0.05.

** denotes estimate-palue > 0.10 and < 0.05.

"~ denotes estimate is the natural exponential

function of the model estimated value
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Table 31. Choice Model Estimation Results for BinaryChoice of Bike Ownership

Parameter Informational Conformity LC Direct-Benefit Non-Social
More Informed | Less Informed| Conformity Logit
Class Class Logit
Constant 1.22* -0.96* -2.17* -0.40*
Mean MSA Bicycle Ownership 3.60*
Mean MSA Bike Own Residual 1.38* 0.80**
Number of Aduls (aged 1&4) 2.62* 0.16* 0.29* 0.29*
Number of Women (aged 184) -1.30* -0.12 -0.20* -0.20*
Number of Adults (aged 55+) 0.11 -0.17 -0.11* -0.12*
Number of Women (aged 55+) -0.70* -0.46* -0.41* -0.41*
Number of Children (aged-57) 0.74* 0.43* 0.55*
Rent Home -0.48* -0.61* -0.26* -0.26*
Duplex 0.04 -0.38* -0.1G -0.1G
Townhouse / Rowhouse -0.38** -0.43* -0.21* -0.19*
Apartment -0.59* -0.84* -0.40* -0.41*
Mobile Home 0.46 -1.05* -0.34* -0.36*
Single Persn HH -0.77* -0.98* -0.53* -0.53*
Low Income HH (< $25k) -0.68* -0.68* -0.38* -0.37*
High Income HH (> $75k) 0.24 0.49* 0.25% 0.22*
HH Income Unknown -0.43* -0.28* -0.22* -0.22*
Less than HS Diploma or GED -0.40* -0.39*
Associate [Bgree 0.28* 0.29*
Bachelor Degree or Higher 0.36* 0.36*
African-American or Black -0.37* -0.39*
AsianAmerican or Asian -0.69* -0.71*
Native American/Pacific Islande -0.17 -0.26
Hispanic -0.28* -0.33*
Other Race, Nolispanic -0.07 -0.09
Vehicles per Person in HH 0.48* 0.48*
HH with No Vehicles 0.16* 0.13*
New England Census Division -0.02 -0.08
Middle Atlantic Census Division 0.16* 0.16*
South Atlantic Census Division 0.02 0.22*
East North Central Digion 0.14* 0.33*
West North Central Division -0.06 -0.02
East South Central Division -0.16 -0.56*
West South Central Division -0.19* -0.36*
Mountain Census Division 0.08 0.11
HH Located in Hawalii 0.08 0.29*
Model Statistics:
Log-Likelihood -14709 -14745 -14838
AIC 29519 29578 29743
BIC 29935 29871 30020
Number of Parameters 51 (30 choice + 21 class model 36 34

Note: * denotes estimateyalue 0.05. ** denotes estimateyalue > 0.10 and < 0.05.

? note that these are estimates of thelikglihood, AIC, and BIC from the MLE estimation
using the Bayesian inference as the starting values. MLE estimation results are shown in

Appendix G.

Blank cdls denote parameters that were not included in that specific model.
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Table31 shows theehoice modeéstimation results for models 1 through 3 when
endogeneity from omitted variables is accounted for wRB@Fapproach. Endogeity
in the latent class model (model 1) was found to exist dss bf the control function
residuals statistic was accepted at the 5% level withaye of 0.024. In models 2 and
3, the ttests of the control function residuals statistics were tesjeat the 5% level with
p-values of 0.083 and 0.838 respectively.
The classmembership model estimat@sable30) describe the relative influence
of household characteristics and location on the information state of a hou3éteold.
classmembership model parameter estimates show the following:
1 Mean MSAevel Bicycle Ownershi:he social influence effect was found to
strongly influence class membership, but this is strongly coeohibgrthe large
negative constant term. When cmlesing that average national bicycle ownership
is about 45%, social influence plus the constant would account for the first 25%
of class membership in the Amore inform
1 Respondent Education LevEducation level was found to be proportionalhe t
l' i keli hood of being in the fAmore inform
GED as the reference group, respondents with an education level below high
school diploma belonged to housetetidh at wer e | ess | i kely t
i nf or me d contradt, hosisehold Wwith a respondent with a college level
degree were more |ikely to be in the Am
1 Respondent Race and Ethniclyousehold with minority respondents were less

|l i kely to be in the @ mothehousehdldsofmiae 6 cl a
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nonHispanic respondents. This effect was found to be statistically insignificant
for Native American and Other Minority Race, NHlirspanic respondents.

1 Household Vehicle Compositiadouseholds with more vehicles per person were
more |ikely to be in the Amore informedo
correlated with bicycle ownership in both choice models, so this effect may be
attributed to higher income households being able to receive or being more
receptive to informatin about bicycle ownership.

1 Household Regional LocatioRegion generally had an insignificant impact on
the |Ii kelihood of being fAimore informed.
census division were more |ikely to be
households in the West South Central division were less likely.

Overall, these results show that colleghicated households and white households are
more likely to be influenced by informational conformity in choosing to own a bicycle.
But, a significant mmount of influence is due to the overall bicycle ownership among
ot her households in a househol dbés MSA.
When looking at the choice model estimates for each class in the inforahation

conformity model, the parameters for the more informed class tend tedtergthan the
same parameters in the less informed class. There were no model restrictions to enforce
this fAgreater thano relationship which is
supports this assumption rather than the model forcing saidvgption. The class
specific parameter estimates show the following:

1 Household Size and Compositiéior more informed households, adults under

the age of 55 in the household have a large impact on the probability of the
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household owning at least one ki, Male householders contribute more than
female householders at all adult age levels. For less informed household, the size
and composition has little effect on bicycle ownership. Specifically, only men
younger than 55 and women over 54 years old haeffact on ownership

(positive and negative effect respectively). Men 55 years of age and older have no
effect on bicycle ownership while older women have a negative effect on bicycle
ownership. Children have a positive effect on bicycle ownership.

Home Bnure and TypeMore informed househaodhre less sensitive to

household type and they rent their home. This may suggest that these households
are willing toaccommodate their bicycles in home storage/parking and moving
decisions.

Singleperson Household#$n both classes, singjgerson households were less

likely to own a bicycle. In more informed households, the net effect of household
size, composition, and being a singlerson household for an adult of age less

than 55 was still positive. But, in thesls informed households, the effect was
negative. For older adult singteerson households, the net effect in negative in

both classes.

Household Incoméd=or more informed households, low income (less than
$25,000) had a negative impact on bike ownerslitp a/similar effect felt by

less informed households. Less informed household were more likely to own a
bicycle when they had higher incomes (greater than $75,000). Houselnad
withheld income information were less likely to owhiayclein bothinformation

classes of households.
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The nonsocial and direebenefit conformity models have similar directionality of
estimates as compared to the estimates in the informational conformity model. When the
nonsocial and direebenefit conformity models are c@ared to each other, most
estimates are similar except for the regional fieéfécts. Specifically, for the nesocial
model, five out of eight census divisions plus the state of Hawaii have significantly
different (at the 10% level) bicycle ownership jpeasity as compared to the Pacific
census division. Comparatively, the dirbenefit conformity model has only three
census divisions that are significantly different. Additionally, the magnitude of the fixed
effect is larger or equivalent for each cendiwssion and Hawaii in the nesocial model
compared to the direttenefit conformity model. This result shows that the conformity
term may account for some of the fixed effect observed between the different regions.
Thus the direebenefit conformity moel increases the explanatory power of the choice
model by accounting for these fixed effects as due to conformity rather than being

unobserved.

9.6 Analysisf Informational Conformity Model

This section analyzes the properties of the informational coitiomodel estimated in

section 9.5. The section begins by presenting the class membership allocations nationally
and locally and the uncertainty in class membership allocations. Then, the behavioral
hypothesis of a positive change in preference from aishiiformation class is tested.

The section concludes with distributional analyseeadllevel ownership equilibrium

and the elasticity of the social influence effect on ownership probability.
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9.6.1City-level Class Membership Allocations

Thenatonahver age cl ass membership in the fAmore
located in MSAs was 0.369. The posterior distribution of average class membership
exhibited a central tendency with median ownership 0.369 Sme&Eentile membership
of 0.325 and 98-percentile membership of 0.418. This national measure masks the vast
differences in localevel class membership between MSAs.
Figure31 shows the distributions of the posterior lokalel class membership by
MSA. Each graph iscaledonthesax i s by t he proportion of ir
i nf or med o WdrbnaQ¥son thecldft &0 §G% on the right. Thaxis denotes
density of the distribution and its ranges from 0 at the bottom to 14.5 at the top. Most
cities experience class membership allocations that are heavily peaked with small spreads
of about 20%membership share. Class membership was directly correlated with local
bike ownership shares, and the ordering of mean class membership share closely follows
the ordering of actual bike ownership share. The cities with the least membership
included Memphisand Nashville, with statistically significant portions of posterior class
membership of less than 10%. These two cities also distributions with wider spreads of

member ship share. Grand Rapids exhibited t
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9.6.2 TestingheHypothesis of Preference Differential

The majorbehavioralassumption otheinformational conformity model is that the

probability of performingam ct i on when f@Amore informedo 1 s

is filess informed.o®o This is at,D¥ibdUted to
The Bayesian inference framework allows this to be tested in a straightforward fashion
by calculating for each individual and each dr#wve difference in probability of

ownership between clagsandw:

¥ oy . oY L] p ?‘\»LIvQ ?‘\UvQ

DI €W V) — )
dsx0s (73)

where:
pO k the indicator function; evaluates to 1 if the expression in the curly
brackets is true and evaluates to O otherwise

Figure32 andTable32 describe the distribution of the difference in probabilities between

the two classes) Y 0 ¥ . Over the 5000 parameter draws used in the Bayesian

estimationof the parameter poster, none of the drawSencountered an instance in

which a preference increase did not odciue. 0 Ym0 Y . This confirms the hypothesis
that there is a preference change between the classes and that preference changes induces
an increaed probability in bike ownership among individuals t he A mor e i nfo

class.

0 The minimum over the posterior density was 0.00234 which is very close to zero. Thus, a negative value
may be possible, but the hypothesis is confirmed with 99% confidence.
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Table 32. Summary Measures of Probability Difference between Informed Classes

. ) Percentile
Probability Difference at| Mean 1% 5% 1 25% | 50% | 75% | 95% | 9%
Posterior Mean 0.563| 0.113| 0.200| 0.423| 0.551| 0.721| 0.872| 0.915
Posterior 0.559| 0.106| 0.193| 0.412| 0.566| 0.721| 0.873| 0.915
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Figure 32. Difference in the Probability of Bike Ownership

9.6.3 Equilibrium Analysis for Different Cies

Predicted equilibria were calculatbyg approximatingMSA-wide behavior

. P Agpa 10 . p
os vs,  p ABN T p AoBa 16

0Y (74)
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The population) in equation(74) corresponds to all sampled individuals in a MSA.
Predicted equilibria corresponded to fixeaints of equatioti74). Table33 (ordered by
difference between observed ownership and equilibrium predicted ownesisbvps the
predicted equilibrium ownership at parameter values corresponding to the posterior mean
from the informational conformity model.

A linear regressio analysis showed that there was no statistically significant
relationship between the absolute value of the difference and neither the true ownership,
predicted equilibrium ownership, nor the number of observations. The distribution of the
difference in tue ownership versus predicted equilibrium ownership is shown in the left
plot of Figure33. The man difference is1.49% andmedian difference is 0.45%. The

10", 258" 75" and 98 percentiles arel0.7%,-5.45%, 3.10%, and215% respectively.
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Figure 33. Difference between Actual and Predicted Equilibrium Ownership Shares

The equilibrium analysis was also performed using the posterior distribution of parameter
estimates. This allowed for analysisbaith the number and location of equilibria. Results

found that all MSAtended towards singular equilibrium conditidnsone of the
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parameter draws resulted in multiple equilibA#hough the model was unbiased mostly

as stated previously, the model apped to be unable to mimic the observed market share

in similar proportion to the equilibrium d

confidence interval, 26 out of 50 MSAs had an observed ownership share within the
confidence interval. Atthe 9% onf i dence i nterval, 37 out
ownership shares were within the confidence interval. Whether this is due to
unobservable factors or if these areas have not achieved equilibrium bicycle ownership is

unknown, but could be tested with dynarhicycle ownership data.
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Table 33. MSA-level Predicted Equilibrium Ownership (at Posterior Mean)

Actual | Posterior Mean . Percentile Equilibrium

MSA Rate | Equilibrium | D'Te"eNCe 50T 2 5% o7 59 99.5%] OPS
New Orleans 57.2% 447% -12.5% | 36.6% | 38.4% | 52.2% | 54.2%| 106
Louisville 47.0% 37.1% -9.9% | 29.9% | 31.6% | 46.4% | 49.6% 91
West Palm Beacl| 41.2% 32.9% -8.3% | 27.8% | 29.5% | 36.9% | 37.8% 97
Tampa 37.8% 30.1% -7.7% | 26.7% | 27.8% | 33.4%| 34.3%| 241
Orlando 47.5% 39.9% -7.6% | 31.8%| 34.9% | 46.3% | 48.2% | 131
Houston 48.5% 41.2% -7.3% | 36.5% | 37.7% | 46.9% | 48.7% | 546
Buffalo 55.6% 49.5% -6.2% | 45.5% | 46.7% | 54.7% | 56.4% | 582
San Francisco 47.3% 41.5% -5.8% | 36.5%| 37.8% | 47.1% | 49.1%| 556
San Antonio 41.7% 36.1% -5.6% | 32.5%| 33.4% | 40.1% | 41.3%| 254
Milwaukee 55.9% 51.5% -4.5% | 45.6% | 47.3% | 56.5% | 57.8% | 1087
Providence 55.9% 51.7% -4.3% | 41.0% | 43.8% | 61.5% | 64.9% 96
Honolulu 37.8% 34.2% -3.7% | 30.2% | 31.3% | 39.1% | 41.0% | 1593
Norfolk 51.5% 48.3% -3.2% | 40.5% | 43.0% | 56.4% | 58.9% | 146
Portland 60.2% 57.5% -2.7% | 48.5%| 50.9% | 65.7% | 68.4% | 226
Chicago 58.1% 55.4% -2.7% | 49.4%| 51.3% | 60.9% | 62.4% | 713
Miami 34.6% 32.1% -2.5% | 28.4%| 29.6% | 35.7% | 36.7% | 228
Austin 49.8% 47.7% -2.1%| 39.9% | 41.8% | 56.7%| 59.7%| 274
Cincinnati 43.4% 41.5% -1.8% | 35.8% | 37.4% | 48.2% | 50.5% | 183
New York 41.6% 39.9% -1.7% | 37.2% | 38.1% | 43.1% | 44.3% | 5425
Grand Rapids 66.1% 64.7% -1.4% | 59.8% | 61.0% | 69.2% | 70.5% | 109
Kansas City 39.2% 37.9% -1.3% | 32.0%| 33.4% | 46.3% | 49.3%| 181
Cleveland 48.5% 47.4% -1.1% | 42.1% | 43.6% | 52.7% | 54.0%| 279
Los Angeles 45.4% 44.4% -1.0% | 38.9%| 40.5% | 50.9%| 53.3%| 1023
Las Vegas 36.0% 35.2% -0.8% | 27.3%| 29.4% | 45.6% | 50.4% | 131
Boston 48.1% 47.4% -0.6% | 39.2%| 41.0% | 59.0% | 63.2% | 528
Detroit 55.1% 54.8% -0.3% | 48.9% | 50.7% | 59.3% | 60.5% | 451
Jacksonville 47.3% 47.1% -0.1% | 42.9%| 44.0% | 54.4% | 57.7%| 102
St. Louis 45.7% 45.7% 0.1% | 38.7% | 40.7% | 53.2%| 56.3% | 241
Dallas 37.2% 37.5% 0.3% | 33.2% | 34.3% | 42.8%| 45.0%| 569
Oklahoma City | 37.3% 39.0% 1.7% | 34.0%| 35.3% | 44.7% | 46.8% 66
Philadelphia 47.0% 49.2% 2.2% | 46.2% | 47.0% | 54.8% | 56.5%| 483
Memphis 28.7% 31.6% 2.9% | 26.4%| 27.4% | 40.9% | 47.7%6 90
Washington DC | 43.3% 46.4% 3.2% | 43.1% | 44.0% | 52.1%| 54.8% | 3948
Minneapolis 58.8% 62.7% 4.0% | 49.9% | 53.3% | 72.4%| 75.0%| 381
Hartford 41.6% 46.5% 4.8% | 35.9% | 38.1% | 58.8%| 62.7%| 106
Nashville 33.8% 39.0% 5.3% | 30.2%| 32.1%| 57.9%| 66.0%| 111
Sacramento 52.3% 57.7% 5.3% | 51.1% | 52.6% | 66.4%| 69.1% | 188
Rochester 53.4% 58.9% 5.5% | 53.2%| 54.3%| 66.3% | 68.0%| 880
Denver 59.8% 67.1% 7.3% | 51.9%| 57.0%| 75.3%| 77.4%| 267
Seattle 49.5% 57.3% 7.9% | 48.8% | 50.5%| 67.3%| 69.1%| 378
Indianapolis 42.4% 50.3% 7.9% | 43.2%| 45.1% | 57.7%| 59.6%| 162
Pittsburgh 34.6% 43.3% 8.7% | 38.2%| 39.3%| 50.5%| 54.0%| 252
Phoenix 42.9% 51.9% 9.0% | 41.6%| 44.0%| 61.0%| 64.5%| 295
San Diego 45.8% 55.9% 10.1%| 49.5% | 51.0% | 64.8% | 67.4%| 209
Columbus 48.3% 58.7% 10.4%| 51.6% | 53.6% | 65.8% | 67.7%| 135
Salt Lake City 54.5% 68.2% 13.7% | 55.1% | 58.3% | 76.2%| 78.4%| 116
Greensboro 31.0% 46.2% 15.1%| 41.0%| 42.2% | 54.1% | 57.5%| 135
Charlotte 48.2% 64.4% 16.2%| 57.9% | 59.3%| 71.3%| 73.1%| 120
Atlanta 34.9% 53.7% 18.8% | 48.6% | 49.7%| 62.7%| 65.9%| 317
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| Raleigh | 38.5%] 59.5%|  20.9%] 52.5%] 54.1%] 69.0%| 71.2%] 135

The remainder of this section will show plots of the distribution of equilibria as
well as the equilibrium at the posterior mean from a sample of MSAs across different
regions of the United States.

WashingtorBaltimore

The WashingtorBaltimore MSA has predicted equilibrium ownership share close to its
actual ownership sharéhe actual ownership sharenistlocated within the 95%
confidence interval of the equilibrium predictiotit it is within the 99% confidence
interval The spread of equilibria also right skewed and smaller than most of the MSAs

sampled in this section.

Equilibrium at Posterior Mean (Washington)

fly_bar)

03 04 05 06 07

0.0 0.2 0.4 06 08 1.0

Mean Bicycle Ownership

Equilibrium Distribution (Washington)

15 20

Density
10

I T T T T 1
00 02 04 06 08 10

Equilibrium Bicycle Ownership

Figure 34. Bicycle Ownership Equilibrium Distribution for Washington MSA
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New YorkNorthern New Jerselong Island

Similar to the WashingteBaltimore MSA, the New York MSA has a predicted

equilibrium ownership share close to its actual ownership share. The actual ownership
share is located within the 95% confidence interval of the equilibrium predictions and the

spread of equilibria is relatively tigkompared to other featured MSAs.
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fly_bar)
03 04 05 08 07
1

0.0 02 04 06 08 10

Mean Bicycle Ownership

Equilibrium Distribution (New York)

20 20

Density

0 5 10

T T T T T 1
0.0 02 04 06 08 10

Equilibrium Bicycle Qwnership

Figure 35. Bicycle Ownership Equilibrium Distribution for New York MSA

Grand RapidsMuskegorHolland

The Grand Rapids MSA had the highest actual mean ownership share with A6thé6.
posteriommean, he modeklightly undepredictal its equilibrium ownership. Compared
to Washington and New York MSAs, Grand Rapids has a similar spread of predicted

equilibria.
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Figure 36. Bicycle Ownership Equilibrium Distribution for Grand Rapids MSA

MinneapolisSt. Paul
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Figure 37. Bicycle Ownership Equilibrium Distribution for Minneapolis MSA
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The

a difference of 4.0%. There israde spread of equilibria predicted representing large

Mi nneapol i s

MSAGs owner shi

uncertainty in the predicted equilibria.

Portland-Salem

Equilibrium at Posterior Mean (Portland)
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Figure 38. Bicycle Ownership Equilibrium Distribution for Portland MSA

slight

Portland is an oftewited example of an Amexan city that emphasizes cycling. The

model underestimated the population share in Portland at the posterior mean parameter

values.
DenverBoulderGreeley

Located i n

t

h e

Mountain census

di

Vi

S i

on

mean overegtated the ownership share. The actual ownership was still located within

the wide spread of the equilibrium distribution within the 95% confidence interval.
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Figure 39. Bicycle Ownership Equilibrium Distribution for Denver MSA
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Figure 40. Bicycle Ownership Equilibrium Distribution for Houston MSA
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Locatedn t he South West Central census di vi
overestimated by 7.3%. The actual ownershipesb&d8.5% is within the spread of the
distribution, but neither within the 95% nor the 99% confidence interval.

Atlanta

The Atlanta MSA is the second most overpredicted MSA with an overestimation
difference 18.8%. The equilibrium distribution is right wkeeland the actual bicycle
ownership share is not within the 95% confidence interval of the distribution. This
difference may be due to the disconnection between the model and reality (i.e. models do
not predict perfectly and are simplification of realitgplditionally, Atlanta may not have
reached equilibrium bicycle ownership or additional unobserved factors are impacting
bicycle ownership. Dynamic ownership data and models could be used to determine if

these hypotheses are valid.
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Figure 41. Bicycle Ownership Equilibrium Distribution for Atlanta MSA
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New Orleans

In contrast to Atlanta, the New Orleans MSA has much higher bicycle ownership rates
than predicted by an equilibrium analysis at the posterior mean. In contrast, the
distribution is skewed towards the observed ownership share. But, the observed

ownership is not within the 95% confidence interval of the equilibrium distribution.
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Figure 42. Bicycle Ownership Equilibrium Distribution for New Orleans MSA
9.6.4Elasticity of Social Influence
Hess et al. (2011) derives the elasticity for a latent class logit model when choice model
covariates changeBy contrastjn orderto understand the elasticity of the social
influence covariate in the informatialconformity mode| the elasticity for changes in
class model covariates must be derived. For the informraonformity model, the
partial derivative of mean behavior among peers with respect to the probability of

choosingw  pis derived as follws:
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This results in the following simplified partial derivative:
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The result in equatiof¥6) is used to derive the elasticity with respect to mean behavior

among peers as follows:
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With the result from equatiofr7), the elasticity for each individual can be
obtained for anget of draws of the parameters from the informaticonformity model
in Table30andTable31. Figure43 shows the elasticity distributions for the national
sample at the individuaand populatiodevels. The top left plot shows the elasticity
acrosshe national sample when the posterior mean parameter estimates areA&tosen.

the posterior mean, the average elasticity is 0.699 with a standard deviation of 0.325. The
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median elasticity is 0.712. This distribution is skewed to the right with a skewiness o
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Figure 43. Elasticity Distributions: Bike Ownership Information al Conformity

Model

The full distribution of individualevel elasticity is shown in the bottom left plot
of Figure43. It is skewe positively with a skewness of 0.27. The mean individenat|
elasticity is 0.689 with standard deviation 0.335 and the median indinekedlelasticity

is 0.685.

236



The top right plot ofFigure43is a histogram of the mean diagy for the
population at each draw among a 5000 parameter draw sample of the posterior density.
The population mean elasticity is centered at 0.689% with a standard deviatidiAof 0.
and median of 891 This distribution is skewed positive with a skeess of 0.05. The
bottom right plot shows the mean elasticity by individual over the posterior density of
parameter estimates. The individual mean elasticity avefa§83% with a standard
deviation of 0.315 and median of 0.705. This distribution is skiepositive with a
skewness of 0.05.

On average nationally, a 1.00% increase in M&¢el bicycle ownership will
induce an increase in househtddel bicycle ownership by 0.69%he elasticity of
social influence was found to range locally from aboud®@ %0 0.80%This result helps
to check the reasonableness of the model. On average, bicycle ownersimptdoes
out of control hyperbolically. This effect combined with the equilibrium conditions
shown in section 9.6.2 help to show that social infb@emccurs but does not overpower
the decision process.

The distributions of elasticities at the natbtevel and localevel exhibit a
central tendency. These elasticity distributions are summarizeabie 34.

Table 34. Mean Social Influence Elasticity by MSA

MSA Mean Standgrd 5% _ 25% _ 50% . 75% _ 95% _
Deviation | Percentile| Percentile| Percentile| Percentile| Percentile
National 0.69 0.34 0.15 0.44 0.69 0.92 1.26
Atlanta 0.48 0.27 0.09 0.28 0.47 0.66 0.96
Austin 0.76 0.37 0.16 0.47 0.77 1.01 1.38
Boston 0.73 0.35 0.18 0.44 0.72 0.98 1.32
Buffalo 0.75 0.34 0.22 0.50 0.74 0.98 1.34
Charlotte 0.65 0.36 0.14 0.36 0.62 0.91 1.27
Chicago 0.75 0.37 0.18 0.48 0.73 0.99 1.43
Cincinnati 0.72 0.32 0.20 0.51 0.72 0.92 1.27
Cleveland 0.73 0.34 0.15 0.47 0.74 0.96 1.30
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Columbus 0.71 0.36 0.14 0.42 0.72 0.98 131
Dallas 0.56 0.31 0.10 0.32 0.56 0.77 1.10
Denver 0.69 0.34 0.20 0.42 0.67 0.91 1.27
Detroit 0.70 0.35 0.18 0.42 0.68 0.94 131
Grand Rapids 0.61 0.36 0.17 0.30 0.54 0.84 1.28
Greensboro 0.49 0.25 0.10 0.30 0.48 0.65 0.92
Hartford 0.68 0.30 0.17 0.47 0.69 0.89 1.18
Honolulu 0.63 0.30 0.13 0.41 0.63 0.84 1.12
Houston 0.73 0.36 0.15 0.48 0.73 0.98 1.34
Indianapolis 0.66 0.30 0.18 0.44 0.65 0.88 1.15
Jacksaville 0.70 0.32 0.20 0.45 0.69 0.92 1.24
Kansas City 0.63 0.31 0.15 0.38 0.62 0.84 1.15
Las Vegas 0.66 0.30 0.15 0.45 0.66 0.86 1.18
Los Angeles 0.72 0.34 0.15 0.47 0.72 0.94 1.30
Louisville 0.74 0.37 0.14 0.51 0.70 0.96 1.44
Memphis 0.40 0.22 0.06 0.22 0.39 0.55 0.78
Miami 0.61 0.30 0.12 0.40 0.61 0.82 1.11
Milwaukee 0.73 0.34 0.21 0.47 0.71 0.95 1.32
Minneapolis 0.72 0.36 0.19 0.44 0.70 0.96 1.37
Nashville 0.50 0.26 0.11 0.31 0.47 0.65 0.99
New Orleans 0.76 0.38 0.22 0.47 0.72 1.01 1.45
New York 0.66 0.32 0.14 0.42 0.67 0.89 1.20
Norfolk 0.74 0.34 0.23 0.50 0.71 0.96 1.35
Oklahoma City 0.58 0.33 0.11 0.31 0.55 0.81 1.18
Orlando 0.79 0.34 0.21 0.57 0.80 1.02 1.34
Philadelphia 0.69 0.33 0.15 0.45 0.70 0.92 1.25
Phoenix 0.66 0.34 0.12 0.41 0.66 0.89 1.25
Pittsburgh 0.60 0.27 0.14 0.42 0.62 0.79 1.04
Portland 0.72 0.38 0.18 0.43 0.68 0.98 141
Providence 0.76 0.35 0.23 0.47 0.76 1.02 1.35
Raleigh 0.55 0.30 0.11 0.32 0.54 0.76 1.08
Rochester 0.70 0.34 0.17 0.46 0.68 0.92 1.31
Sacramento 0.72 0.38 0.17 0.43 0.68 0.98 1.39
St. Louis 0.70 0.35 0.15 0.43 0.69 0.93 1.31
Salt Lake City 0.68 0.32 0.14 0.45 0.68 0.89 1.22
San Antonio 0.65 0.33 0.12 0.43 0.66 0.86 1.22
San Diego 0.67 0.37 0.16 0.37 0.63 0.92 1.34
San Francisco 0.73 0.34 0.18 048 0.74 0.97 1.30
Seattle 0.72 0.34 0.17 0.47 0.72 0.93 1.32
Tampa 0.71 0.30 0.16 0.52 0.72 0.91 1.22
Washington DC 0.74 0.33 0.19 0.51 0.74 0.96 1.28
West Palm Beach | 0.73 0.31 0.15 0.53 0.76 0.94 1.20

9.7 Summary

Observing the bicycle ownership angtling behavior of othergnay provide
information on the benefits of cycling. This can start a process in which the individual

may begin to research the suitability of cycling and adjust their opinions and behaviors.
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To test for this effect statisticallthis chapter explored bicycle ownership in the United
Statedy using explanatory models of social influence. The more traditional -giffexit
conformity model is contrasted with an indir@gtect informatioml conformity model.

The informational coformity model is datent class discrete choice model is
formulated that places individuals into classes based on information exposure where
information is signaled by greater cigvel bicycle usage. In constto existing work,
the informational confonity mo d e | shows that f@Amore infor me
higher probability of owning a bike due to changes in preferences rather than direct
benefits fr omitheyadredasssénsitveth amallerdvone footprints and
limited incomesand beingsinglep er son households. But, Amor
are sensitivéo household membership size and composition.

Additionally, a Bayesian inference procedure is proposed as a tdotdothesis
testing andorecasting the distribution of market éiduria. The behavioral hypothesis of
higher preferences for fAmor e ilnefvoerlmefidndo rheo u
informedod class membership varied across t
membership tended to be similarly shaped. For most Bi8As surveyed, the observed
market share falls within middle 90% of the predicted equilibrium distribuAits,
social influence elasticity was found to vary locally from aboutdx® 0.8%.

Areas for future research include a need to understand wiliyime r e 1 nf or me d
households were less sensitive to home tQuelitative study into whether home
moving patterns (e.g. moving frequency) and home footprints impact bicycle ownership
could be usefulAdditionally, panel and timseries dataauld be useda aid in identify

social influence. This study is limited by the use of cisEstional datalime-series data
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could also be used to test for equilibrium and could serve as a method for model selection

and confirmationThus it mayallow for identificationof social influence motivations.
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ChapltbEoncl usi on
Understanding the determinants of activities and travel is critical for transportation policy
makers, planners, and engineers to design and manage transportation systems. These
systems, and the@xternalities, are interwoven with social systems in communities,
cities, regions, and societies. But discrete choice mddaks predominant modeling tool
for researching travel behavior and planning transportation systanesgrounded in
theories of mdividual decisioamaking. Travebehavior analys@shift to the socials
currently underwayThe incorporation of social context into models of travel behavior
has the potential to enhance the behavioral realfsimese models and lead to better
undersanding of activity and travel behavior. This social context is typically incorporated
in three areas: (1) social cooperation, (2) social influence, and (3) social capdtal.
these areas are linked through the social networks of individurals. far, reearch
efforts have resulted in work showing that all three fagqitrs social networkmay be
relevant in travel decision making

The incorporation of social interactions into discrete choice models ifint@h
since discrete choice models are grouhitietheories of and methods for independent
decision makerdModeling efforts have been taken to develop techniques and to test
hypotheses. This dissertation continues those efforts by:

1 Incorporating network capital indicators from a position generatoridel of
activity selection
1 Developing a behavioral framework of social influence choice modeling to
classify existing research and spur new modeling directions that emphasize social

influence motivations
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1 Studying the impact of informational mfmrmity onchoice by formulating
latent class choice model

1 Applying social interaction modeling techniques in the applied study of activity
selection and bicycle ownership

1 Analyzing the estimation properties of discrete choice models of social capital

and socialnfluence in the presence of misspecified social network data

10.1 Directions for Future Research
Although the work presented in this dissertation has expanded upon the methodology and
empirical analysis of social interactions in activity and travel behawie work can be
extended upon with subsequent research. In the area of social capital in activity and travel
the following issues need to be resolved:
1 Access to Resources and Activity Participatidhis linkage between the
diversity of networked resoce (as indicated by an indicator of network
occupational diversity) can be explored more. Expanding work by surveys and
models to including a greater variety and exhaustive list of activities would
increase understanding of this link and panel data wdlolet eesearchers to
determine the directionality between resource access and activity participation
frequency.
1 Activity Diary DesignPosition generators measure additional components of
social capital that are not captured in current survey and diagyndesi
Incorporating position generators in surveys and diary may be promising in

understanding the linkage between social capital, activities, and travel.
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1 Combining Position and Name Generators Dd&asults showed that combining
position and name generattata was useful for some activity types in improving
prediction. More empirical evidence is needed to understand when combining
these datatypes is useful and to apply composite measures of social capital from
both generators.

1 Additional Indicators:The pevious literature concentrated on name generator
measures centered on core networks. Chapter 3 showed the relevance of using
position generators in activity selection models but tilg measure used was
extensity of resource access via songtworkoccypationaldiversity.

Incorporating measures of prestige and sadasds neetb be pursued.
In the area of choice modeling and the effect of misspecification errors due to social
network data collection, future research could explore:

1 Robustness of PositicdGenerator Measure®ther travel and activity contexts
could be analyzed to contribute additional empirical evidence to support the
robustness results in Chapter 4.

1 Generalizing the Effects of Network Misspecificati@nalytical results on
network misspcification are lacking and may be difficult to obtdimtil more
extensive and generalizable knowledge is available, it is suggesteatiat
collectors ananodelersusemethods similar to chapters 4, 5, and 6. Adgeaged
modeling and simulation can leed before design data collection efforts to guide
sampling and survey design and during the model building prtzgssde model
selection and understand model sensitivity

In the area of social influence in travel, the following directions could supd:
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1 Applications:The review of social influence research in the travel behavior field
showed that social influence has been applied to many areas of travel behavior.
New applied research incorporating new social network data sourceseies
data,and varyng model specifications are needed to contribute additional
evidence to support efforts to incorporate social interactions in transportation
planning and policy analysis

1 Heterogeneity of Social Influence Motivatiokksing latent class discretbace
models presents an opportunitytést hypotheseabout multiple mtivations
among the population. Applications of models similar to the one in Appendix F
on travel datasets could be pursued.

1 Comparing Different Models of Social Influence Motivatiadiedels with
differing social influence motivations may exhibit varying dynamic properties.
Combined with panel data, this offers an additional approach to aid in identifying
the existence of social influence as well as its type.

1 Exploring Informational ©nformity: A generalized informational conformity was
described in Appendix D. Applying this model could test hypotheses of
expectation and constraint changes in addition to preference changes due to social
influence. Additionally, the model can be expahdie allow for multiple levels of

information acquisition.
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10.2 Answers and Contributions

This dissertation began with a set of questions about social interactions in travel and
choice modeling. To conclude, this dissertation has contributed to answesgey t
guestions in the following ways:

1. Who cares about social interactions in travélre case studies in Chapter 3 and 9
show that travel behavior researchers need to consider social interactions in the
study of activity participation and cycling behavidhe social capital work in
Chapter 3 shows thdiversity ofaccess to resources (extensity) is correlated with
activity participation. This will be of value to government organizations that try to
evaluate the social value of travel and in attemptsdi®ase social capital access
among disadvantaged communities.

2. How are social interactions incorporated into choice modéis® new model
formulations were proposed for social influence modeling involving informational
conformity (Chapter 8 and Appendix Bihd multiple social influence motivations
(Appendix E).

3. What are the indicators of social capital in activitpvel and how is it
measuredExtensity, or social networccupationatliversity, was found to be
correlated with leisure activity participatioRrevious researched used name
generators and interpreters to study social capital in actrawel, but results
from Chapter 3 show that position generator data was as useful as name generator
and often resulted in better explanatory and predictivieimeance.

4. How does the measurement of social network indicators impact estimation of

social capital and social influence choice mo@élfie robustness of position
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generator data in a social capital choice model was demonstrated in Chapter 4
with network dversity indicators found to still improve model fit even for
shortened and misspecified occupational lists. Name generator data was used on
social influence choice models where it was found that estimates of social
influence parameters and model selecti@ne generally unaffected by network
shape for smadvorld network. Estimates were most affected by the relative
strength of social influence, sample size, and the degree of network distortion.
Networks with about 15% to 30% change in network ties losligtree and

model selection accuracy.

How is social influence incorporated in choice modeliAgPextensive review of
discrete choice models of travel behavior that modeled social influence was
undertaken. Using a microfoundations / behavioral framewbekljterature was
categorized, and it was found that primarily cresstional models rooted in
conformity with modeledetermined large cliques are used. It is recommended
that travel behavior modelers study and incorporate specific motivations for social
influence into their models.

How can the motivation for accuracy be incorporated into social influence choice
modelsThapter 8 formulates a model of informational conformity through latent
class discrete choice framework. Equilibrium analysis showshadongrun
implications of the model vary from the dirdmtnefit model that dominates the
literature. The model is then demonstrated in the context of bicycle ownership in

Chapter 9 where it explains difference in bicycle ownership as due to difference
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in the effect of home type and ownership as compared to a-bOegefit

conformity model.
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Ap p exn dAi: ERGM Pri mer
A.1 Model Specification
Exponentiaifamily random graph models (ERGMs) are a family of statistical models for
representing networks/graphg the likelihood of observing counts of certain network
configuration terms such as edges, triangles, astdis. ERGMs assume that networks
are formed by bottomp processes that work between nodes. For example, transitivity
can be modeled by countstafingles. A graph instance, upon which a model is
estimated on, is considered to consist of a dependent series of local processes which are
correlated in the local area around any given node but uncorrelated outside of the local.
This can lead to maci#level graph behavior emerging, such as smwalild networks.

For a fixed set of individuald, the probability of observing a graph instance

given a set of configuration parameters in an ERGM (Lusher et al. 2013) is:

P

00 "G " —A@Db —4 Q (79)

where:

a 'Q k the count of configurationsin graphg

0 k the set of graph configuration typ
dependence assumption

— k model parameter corresponding to the codimbafigurations of
typec

I — Kk the model s normalization term

The set of graph configuration types ar

dependence assumption. This determines how particular ties in the network are correlated
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with one another. Forxample, the simplest graph configuration type is the Bernoulli
dependence assumption where all ties are assumed to be independent of one another. In
other words, a tie has a given probability of being observed and this does not change if
any other tie is@ded or removed from the graph. The set of graph configurations for a
Bernoulli dependence assumptionas which is just a count of the number of edges (or
the graph density).

One strength of the ERGM approach is the ease at which graphs can be simulated.
Although the normalization terth — is intractable for any graph with greater than only
a few nales?, the models can be simulated via Markov chain Monte Carlo (MCMC)
techniques which do not depend on the normalization term. The Metrbfasimgs
algorithm is a popular technique in the ERGM community and is used staimetR

(Handcock et al. 200 package which is used to simulate the graphs in this dissertation.

A.2 Saocial Circuit Dependence Functions

As shown in Hunter (2007), the geometrically weighted degweekgreg statistic is

defined as:

a «F= Q p p Q O « (79

When— | 1_GC thegwdegreestatistic takes on a similar form to the alternatirgjae

statistic from Snijders et al. (2006):

@ «N1_C Y« (80)

*1 The number of different graph cdgdirations for an undirected graph witmodes is; 7,
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where:

y k a particular network instance
Y « k the number of dstars in networly
O « k the number of nodes inetworky with degrea

k a scale parameter

— k a scale parameter

As shown in Hunter (2007), the geometrically weighted edgewise shared partner

(gwesy) statistic is defined as:

~

a = Q p p Q 0L « (81)
Correspondingly, the Snijders et al (2006), specification for the alternating k

triangle statistic is as follows:

"Y 0 ‘o « h Q 0
q ~ q
0 C 0 ¢
(82

0L « k the number of kriangles in networkor At he number of
unordered pairs §  such that® p] and jn andm] have
exactykc ommon nei ghbwrs ino network

“Y k the number of triangles in netwoyk
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As shown in Hunter (2007), the geometrically weighted dyadic shared partner

(gwdsyp statistic is defined as:

g = Q p p Q 0L « (83

Correspondingly, the Snijders et al (2006), specification for the alternapathkstatistic

is as follows:
et Q, . " %
0 « NQOU¢hpQU chQ ¢
(84)
. p Q, . -
0 « - O «ch p Q 0 ¢hQ ¢
qC qC
where:

0L « k the number ok-twopaths innetworkor At he number of
[ £ha ] such that 1] and jn andm] share exactlk
common neighbwyrs ino network

0 ¢ k the number of twgpaths in netwrk y
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AppendSied eMa kel s of Soci al | nf | ue
This appendix describes some existing models of social influence and choice from the
areas of social influence network theory, social network analysis, social and spatial

econometrics, ex@imental economics, behavioral economics, and travel behavior.

B.1 Social Influence Network Theory

Social influence network theory is a dynamical theory of opinion and attitude change that
combines social network formulations with a mathematics formedizaf dynamic
behavior.In particular, the equilibrium properties of social influence network theory
models are emphasized in the literatlmethis section, the mathematical origins of social

influence network theory as described by Friedkin and Joh{@6d1) are summarized.

B.1.1 Frenchoés Formal Theory of Soci al Pow

(89)

In this formulation, all weights are equal between individuals who are connected.

B.1.2 Harary and DeGrootds Generalizations

Harary (1959) and DeGroot (19)develop a similar formulation but allow for weights to

varying between individual pairings.

(86)
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such thatrt 0 phB . 0 p JEM N D

B.1.3 Friedkin and Johnsends Generalizatio

Friedkin and Johnsen (1990) relax the assumption that attitudes only depend on the

attitudes from the time period immediately prior. Specifically, they allow for an

i ndi vidual 6s i nuotislyampactaheitdecisiond.es t o cont i n
W 0 0 P 1 W
. - 8
such thatrt 0 ph B . 0 p Ve N D 87
AND T p
This model i's curr ent |nandtJtheseni2@ltl)anrthe ield.d mo d e

Operationalizing the model for discrete choices yields a formulation similar to discrete
choice models. Specifically, Friedkin and Johnsen (2011) mention two methods of
choice: most preferred and criterion attainment. lest preferred form uses equation
(87) for a threshold functiods and has individual choose the option among a set

category such that:

W QQQ |l A@ ho I8 89)
In this contextsy h B are threshold functions. This formulation draws parallels to

random utility models. The criterion attainment formulation has individuals choose an

option among a set of categories such that:
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po® T
T QR T (89)
This formulation draws parallels with discrete choice models that use satisficing decision

rules.

B.2 Statistical Models of Social Networks

B.2.1 Stochastic ActeBased Network Dynamics

Snijders et al. (200) provides a description of models for the dynamics of networks and
behavior. In these models, both tie selection and behavior selection are modeled
simultaneously over time. These are distinguished from other models in the literature by
the assumptionsagcribed by Snijders et al. (2010):

1. AThe underlying time parameter i s cont.i
contrast to the majority of models showcased in this appendix. Therefore,
stochastic actebased models of network and behavior dynamics arknmited
by the timeslices from a data collection design.

2. Both the networks and behavior change by a Markov process.

3. A change in one tie or a onmit change in behavior occurs at any instance in
time. As Snijders et al. explains, this is most limitingewlthe number of
behaviors possible is large. Also, the behavior must be binary or have some
ordinal meaning, else a ommit change would be difficult to explain behaviorally
through the model specification.

4. "The actors controlast htehieri ro uotwno i bnegh atviieaosr
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The model formulation involves processes governed by a rate function, objective
function, evaluation function, and endowment function (Snijders et al 2007). The rate

function determines how often individuals can change ties and behavior. This
Poissorprocess is governed two different rate function for tie changeand behavior

change_ and are given by the following equations over atimeoggxi 0 0

" AGD — & Tivo

(90)
" A@D — g Owo

N

where:
a O k the count of configurationsin graphg and amongiesand the
behaviors of otherg
0 k the set of configuration types
assumption
—N — k the nodel parameter corresponding to #tatistics for

configurations of type

" H  k model parameters corresponding to pedegendence
How decisions are made at times given by the rate function are determined through an
objective functbn. These objective functions (one for tie changes and one for behavior
change) depends linearly on an evaluation function, an endowment function, and

unobservables.
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The details of the evaluation and endowment functions will not be describéd Bere
to the assumptions on the error form, each decision making $itapsf@ multinomial

logit form.

B.2.2 Autologistic ActorAttribute Models

The autologistic acteattribute model, or ALAAM, (Robins et al. 2001) is relatedhe
exponentiafamily random gaph model (ERGM). In contrast to an ERGM where the
network is a random variable, the ALAAM ha
variables conditional on an exogenously given network. The model takes the following

form:

P

e

A@DN —4 "Godo 1)
where:
a O k the count of configurationsin graphg and among nodal variatgs
and the behaviors of otheys
0 k the set of graph, behavior, and nodal variate configuratestin
the model 6s chosen dependence assu
—N — k the model parameter corresponding to the count of configurations of
typec
I — Kk the model s normalization term

Different choices of count configurations lead to different dependence assosapior

example, an independent behavior assumption leads to the independence ALAAM model

%2 |Interested readers can see an example in Snijders et al. (2007).
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which is analogous to a logistic regression model. The network dependence assumption
assumes that behavigrare conditionally dependent on network ti&snajor limitation

of ALAAMSs is theirinability to handle heterogeneity.

B.2.3 ExponentiaFamily Random Network Models

The exponentiafamily random network modelisacresse ct i on al model tha
the joint relation between the processes of tie selectiomadal variate influence in a
crosssecti onal net worko (Fell ows and Handcock

family form similar to an ERGM. The model takes the following form:

P

60 o i [ —ABD — i

(92)

a " k the count of configurationsin graphg and among nodal variatgs

0 k the set of graph and nodal variate
chosen dependence assumption

—N — k the model paraner corresponding to the count of configurations of

typec

I — Kk the model s normalization term
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B.3 Statistical Mechanics and Social Econometrics
Blume et al. (2011) denotes five different influence types in social influence rfodels

1. w k individud-level observables for individual

N

Q k grouplevel observables for groti@(contextual effects)

3. W kan individual 6s expectations (beli
the group (endogenous effects) which are generallyserghble; here it is
expressed as the individual 6s expectati

4. - k individuatlevel unobservables (correlated effects)

5. — k grouplevel unobservables (unobserved contextual effects)

Most discrete choice modedse based on random utility maximization in which
an individual chooses the alternative which gives hiire most utility. Traditionally, an
individual 6s utility is based on his chara
discrete choice modgbf social influence expand this to include contextual and
endogenous social effects. Assume the maximization of some payoff, typically denoted
as utility, from a set of alternatives. This payoff depends on the expectations of the
individual, his preferetes for individualspecific factors together with contextual and

endogenous social factors, and the constraints imposed by his finite cha@ice set

® Ol Qoo o hQR o  h b (93

3 The convention in this paper will generally refer to observables with Latin letters and unobservables with
Greek letters
¥ We refer to thenodeler asheand an individuatiecision maker alse.
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From this general form, the transportation literature generally uses model formulations

based on field effects or network effects.

B.3.1 Field Effect DCMs

The statistical mechanics formulation, also known as the field effect formmylatas
imported into social econometrics by Brock and Durlauf (2001). It involves the
imposition of groups where all members of a group are influenced by the same
individuals. These models are generally closed by assumingaselistency that all
groupme mber s have the same expectations of ot
following general assumptions are made:

i Static Game All individuals choose their actions before they see the actions of

others.
f Incomplete Information: Individual& of group"Qknows o , Q, and— for all

individualsd ingroupQ but does not observe other

1 Rational Expectations:An i ndi vi dual 6s belief must e
the market share for each alternative.
f SeltConsistency' ® 0w wWwhh-h 1arvQ
In the game theory literature, this situation is analogous to finding the Biagts
equilibrium.
Brock and Durlauf (2001) present a binary choice formulationclBBamd Durlauf
(2002, 2006) extend the field effect formulation to finite choice sets with three or more

alternatives. For conciseness, the multinomial formulation is presented here. Assuming
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BayesNash equilibrium with sel€onsistent expectations, thalirect utility of choosing
alternative'dor individualg in group"Qis>>:
P T Qo9 - -

6 p QW (AW (949

w T E®I VA Q
The selfconsistent expectations are replaced with the field effeict . This
field effect represents the expected proportion of group members choosing altéfhative
Most empirical studies close the model by settingequ al t o each alterna
observed market share. Assuming thatis IID Gumbel distributed, we obtain a
multinomial logit model (MNL) with social influence:

Agpb 1t r1'Q 11 —
B,. AgbP T o 1 Q i —

C

(99)

B.3.2 SelfSelection Field Effect DCMs via Nested Logit

In travel demand models, group membership is generally assumed to be exogenous and
selfselection into groups is not taken into account. While this assumption of exogenous
group membership may be valid for studies on ethnic group or gender, other groups often
require a (conscious) choice of group such as neighborhood selection, work enmttonme
and income group.

Since there are a finite number of groups in social influence studies, group choice

can be modeled as a discrete choice problem. For example, loannides and Zabel (2008)

5 The parameters are subscripted by alternative to show that the same set of intivielumid contextual
variables need not be wused iardnermaidatiomruldesérrandomi veds i n
utility models still apply.
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analyze social effects in housing demand (continuous variali@cbount for self
selection into neighborhoods with a multinomial choice model. Brock and Durlauf (2003)
suggested that a nested logit model could be used to model group and discrete behaviour
choice simultaneously. Zanella (2007) develops the formuldétioa nested logit model
of endogenous group membership and discrete behaviour choice.

Zanella decomposéble formulationnto two logit models: one for the probability
of choosing groufiQand the other for the probability of choosing alternalizenditional
on being in groufQ

0 " 0 QA Q (96)

The probability of choosing alternati¥@onditional on being in grouijds thebasic
model given befor®:

~

© 60 Agb 1o 1Q 11
VR 5 Eoe 1o Ta

5 (97)
Zanella then provides a group ct®imodel which depends on the grdepel
observable®) and the inclusive utilitgo . The inclusive utility is the expected utility

an individual is expected to obtain from choosing one of the available alternatives. Since

individuals are assued to exhibit utility maximizing behaviour, this legm is

proportional to the expected maximum value between Gumbel distributed random

variables.
5 0 AZpra _o ©8)
v B, AGDIQ _o
®'n this derivation, Zanellads work is extended
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w a&€QAGD T rQ 70 (99)

N

The strength of this approach is that it maintains utility maximizing behavior and the
model can be estimated usingstandaelst ed | ogit softwar e. Ho we
is limited by its assumptions on the random component of utility.

This random component can be decomposed into components that vary across
groups only, alternatives only, and both:

- : S (100

Zanella closes the model (as withandested |
, ] are independent for all/l individuals, gr
inappropria¢ in some contexts, such as the choice of neighborhood and travel mode.
Because the decision to live near transit is likely correlated with the decision to choose
transit, and, are likely correlated. Possible approaches to relax #esemptions

include multinomial probit, mixed logit, or other generalized extreme value models.

B.3.3 Endogenous Spatial Weights
In Conley and Topa (2007), a dynamic model of choice under social influence is

described and applied to the application of ifigdemployment. Individuals can exist in

one of two states{ ): employed © p) or unemployedd m). Conley and
Topa assume that social networks only matter when an individual is unemployed to aid in
model identification and due to data limitations. Individuals are connected iniveflex

graphs (cliques) by census tract. Their model represents a Markov process with
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transitions occurring with a logit conditional transition function. The probability of
transitioning from employed to unemployed is as follows:

5 : A @B o
01 €W T S AP o

(101
This function depends only on characteristics of the individuals. The probability of
transitioning from unemployed to employed is as follows:

01 €& PO T

AZGPw| B, & o {5 ® [ 1 By &0 Do | ® j (109
p AGD w1 B, w P 5 ® {5 1 By & po {5 o 5

This probability depends on the individual
social network (in this case, census tlaeel behavior). The transition baak t

empl oyment depends on the total number of
employed. Additionally, there is varying influence occurring between individuals in the
census tract of the same race versus individuals in the census tract of aether ra

Conley and Topa claim that their model is analogous to contact processes in interacting
particle systems (Liggett 1985, 1999). To estimate their model, a calibbasmu

simulation procedure is used.

B.4 Spatial Econometrics

The network effect formation, with origins in spatial econometrics and social network
analysis, emphases that individuals are connected in varying ways and that the
heterogeneity generated from varying network structures and influence patterns is
important for analysis. The pramy features of network effeebmsed social influence

models are:
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1 Social Distance:The modeler must define a measure of distance between
individuals. Physical distance is most commonly used but social measures can be
used instead, such as education, inepon political views.

1 Influence Transmission: The modeler must identify a mechanism that transmits
the influence. This is often the actual choices of others.

Network effects models use a weighting matrix to represent social distance. A weighting
matrix describes the degree of influence between each individual in the population. For
example, Sidhartan et al. (2011) estimates an imdistance weighting matrix, where
people living closer to an individual exert more influence than people living farther away
Most empirical studies in transportation use predetermined (exogesiotrsigd)

weighting matrices with equal influence structures such as:

pTY QQ: QQL QWD i ¢ GO £

m £/ Qi Q (103

where"Y is the number of people inindividueb s s oci al net wor k.

B.4.1 Conditional Autoregressive DCMs

The conditional spatially autoregressive discrete choice model is similar to the social
econometric§ormulation. Begin by assuming that each individual has a personalized
social network and that he knows and is influenced by the decisions of all members in his

soci al net wor k. An indivi@ual 6s indirect

5 1 16 0 © Q - (104)

wherew "Qequals one if individuak chose alternativé&and zero otherwise. The

modeler must be careful with this formulation as the social lagderriis likely
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endogenous due to omitted variable bias and simultaneity. A useful property of this
model is that it can be estimated using standard logit or probit software as long as the
weighing matrix has no parameters (i.e. the weights arekotyn before estimation)
and appropriate instruments are used for handling endogenéity

Goetzke (2008) analyzes transit mode choice using this form but assumes that
w "Qis exogenous to simplify model estimation. Adjemian et al. (R20%e a similar
model to predict auto ownership by class with a series of binary logit models. They
justify the exogeneity assumption by stating that automobile purchases are major
household purchases therefore influence must belimeetional but do nagxplicitly
account for omitted variables. Paez and Scott (2007) present a similar model but modify
equation(104) by having the utility an individual gains from choosing an alternative
depend on the past choicdshts peers. This breaks the simultaneity issue but the

modeler must be careful to choose an appropriate length between time periods.

B.4.2 Simultaneous Autoregressive DCMs

Since conditional autoregressive models have simultaneity issues, some researchers
model the decision process as a system of simultaneous equations. Behaviourally, this
formulation is different from the conditional autoregressive and field effect formulations

as the individual is affected by perceptions of the preferences of bthefy rather

than their decisions
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As an introductionthebinary choice formulatiotl of the spatially autoregressive

lagged dependent variable model (Fleming 2004) witindividualsis presenteavhere:

p; > 0 p D om | T I V) -
(109
phQ®m
oD

The formulation becomes clearer when written in matrix formblet > b B b |
® 0 W B BHp H BH 0 ol ,
QB hQ ,and- - i B h ,then modetan be rewrittems:

Y 01 60 | O - (108
where Qs the identity matrix. In the spatial econometrics literature, Fleming (2004) calls
this the spatially autoregressive lagged dependent variable modeP{SRdr)a binary
probit model; is multivariate normal with mean zero and varianogariancematrix:

m Ol w O o ., (107
Estimation of the probit SAL is computationally difficult since the likelihood function
involves a multidimensional integral of the form:
0o o OB @ 8 %- Q-
(108
LVMidd- ¢ TssTQon

®"See Sidharthan et al. (2011) for an example of the multinomial probit form.

%8 Fleming mentios the spatially autoregressive error model (SAE) in which the error terms are spatially
correlated by weights. This is not covered since the focus is on endogenous social effects.
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As the size of social networks increase, the greater the dimensionality ofetpeal will

be. Fleming (2004) surveys the approaches for estimation of binary probit SAL models,
including the ExpectatiecMaximization and Gibbs Sampler methods, and Sidharthan et
al. (2011) suggests the maximum composite marginal likelihood appraach fo

multinomial probit.

B.5Information Cascades Experiments
In many segments of society, collections of people follow similar behavior. In some
cases this uniform social behavior is fragile, such as in fashion and fads. In other cases
this behavior is ndragile, such as cultural norms and religion. Understanding why
people tend to conduct similar behavior is researched in psychology, sociology, and
economics. In economics, the information cascade explanation of these behaviors has
risen in prominenceln this framework, sequences of individuals make decisions about a
task of interest. Each individual can see the decisions that prior decision makers have
made (public information) but not necessarily the reasons for those decisions (private
information) Information cascade research attempts to explain when people begin to
ignore their private information and just follow the direction of others. When this occurs,
a information cascade forms. Experimental economists have attempted to analyze this
phenanenon in the laboratory and in the fi€ltb see if it occurs and why it occurs.

This sectionbegins by looking at the theoretical basis for information cascade
experiments. Bikhchandani et al. (1992) proposed a novel approach for understanding

the fraglity of some forms of uniform social behavior such as fads, fashion, customs, and

*9No field experiments are featured in this literature review.
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culture. To explain their approach, na sp
of individuals deciding on a binary decision. Each individual receives a prigat si

and knows the decisions of past respondents but not their signals. The authors state that a
Bayesian decision process would be the rational approach for an individual to pick the
appropriate action and that this process would lead to cascade besathiemumber of

individuals in a sequence increases. Experimental research of information cascades
generally uses this model as a starting point.

Theexperimental setup and interpretation of the decision praz@sgortant in
studying information casdes through experimental economigsderson and Holt
(1997) was the first significant experiment to test Bikhchandani et al (1992) theory.

Their lab experiment involved urns with varying numbers of balls of different types. A
binary signal was giveto the subjects and a binary decision was expected of them.

Their results showed that cascades occurred in this laboratory setup and their modeling
approach seemed to support that these decisions tended to be Bayesian. In other words,
individuals were cscading because they reasoned via Bayesian decisions processes,
which predicts that cascades should often occur. Hung and Plott (2001) found similar
results of rational Bayesian decision making.

Since their novel experiment, criticism of Anderson andHols ( 199 7)
interpretation of their cascade results being caused by Bayesian decisions have been
prevalent. Noth and Weber (1999) and Huck and Oechssler (2000) found that
respondents did not act rationally as expe
inconsistencies in what the expected rational behavior of students should be and their

actual decisions. Additionally, seffe por t ed expl anations of res
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