
ABSTRACT

Title of dissertation: RECOMMENDATION SYSTEMS, CONSUMER
PRIVACY, AND THE ECOSYSTEMS OF
ONLINE PLATFORMS

Farzad Fathi, Doctor of Philosophy, 2025

Dissertation directed by: Yi Xu
Decision, Operations and Information
Technologies

My dissertation investigates the challenges and trade-offs that online platforms face in

implementing popularity-based and personalized recommendation systems.

In the first paper, I focus on the impact of the bestseller recommendation—a widely

used popularity-based system—on consumers, sellers, and the online platform when prod-

ucts are not vertically differentiated and consumers are heterogeneous. We model the entire

ecosystem, analyzing not only the effects of the bestseller recommendation system but also

how the size of the market, number of consumers, and number of sellers influence out-

comes. I show that the bestseller recommendation intensifies competition among sellers,

resulting in a lower equilibrium price and decreased seller participation. When sellers’ pric-

ing competition induced by the bestseller recommendation is sufficiently intense, adopting

the bestseller recommendation system is not profitable for the platform. Various extensions

are analyzed to demonstrate the robustness of the key mechanism and intuition. These re-

sults highlight the importance of accounting for the strategic response of the sellers and

consumers before an online platform implements the bestseller recommendation system.



The second paper studies the impact of the bestseller recommendation system in a set-

ting with homogeneous consumers, represented by a single representative agent, in order

to isolate how product valuation differences affect outcomes. In a two-period model, com-

peting sellers set prices while consumers form consideration sets and search for products

before purchasing. Without a recommendation system, consumers select sellers randomly

in both periods. With the bestseller recommendation, the bestselling product from the first

period is always included in the consumer’s consideration set in the second period. The

model explores both the informational effect (higher perceived value for the bestseller) and

the search effect (guaranteed spot for the bestseller in the next period). I show that the

bestseller recommendation system can increase price competition among sellers, leading

to lower equilibrium prices compared to a no-recommendation scenario. This intensified

competition results from both information and search effects: while the bestseller gains an

advantage in the second period, non-bestsellers lower prices aggressively to remain com-

petitive. As a result, the bestseller recommendation system generally hurts sellers and the

platform, but it can become profitable when consumers have a viable outside option due to

its demand-enhancing effect. These findings underscore the complexity of implementing a

bestseller recommendation system and the importance of considering product differentia-

tion and consumer search behavior.

The third paper investigates the intricate dynamics between consumer privacy, person-

alized pricing, and platform profitability in digital markets. By modeling the interaction

between consumer characteristics—such as willingness to pay and taste—privacy choices,

and platform strategies, I provide a comprehensive analysis of how these elements influ-

ence one another. The findings reveal that increased privacy protection decreases platform

profit and may lead to lower consumer utility, depending on the correlation between con-

sumer characteristics. Notably, personalized pricing, while beneficial to platforms, often

harms consumers and can diminish social welfare. The study also explores the impact of



privacy on product variety, showing that high privacy levels may lead sellers to offer less

diverse product offerings. Additionally, scenarios are examined in which consumers are

unaware of the correlation between their taste and willingness to pay, leading to overshar-

ing of information and increased platform profit, with mixed effects on social welfare. This

study highlights the complex trade-offs in designing privacy policies and pricing strategies,

offering crucial insights for platforms, regulators, and policymakers.
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Chapter 1: Introduction

The rapid growth of online marketplaces has transformed how consumers shop and has

given rise to novel challenges and opportunities for both platforms and sellers. The rise

of digital platforms has also enabled the development of sophisticated recommendation

systems, which play a crucial role in shaping the online marketplace ecosystem. These

recommendation systems can be broadly classi�ed into two categories:popularity-based

recommendationsandpersonalized recommendations. Both types of recommendation have

their own challenges. This dissertation consists of three related papers exploring the trade-

offs between privacy and personalization in online marketplaces. In the �rst paper, titled

“The Effects of the Bestseller Recommendation System in Online Platforms,” we study the

widely adopted popularity-based “Bestseller” recommendation and investigate its impact

on an online marketplace ecosystem with a platform, multiple sellers, and multiple con-

sumers. The model captures the interactions between these players over two periods and

analyzes the effects of bestseller recommendations on various outcomes.

Below is a brief overview of the model.Sellers:Multiple sellers offer horizontally dif-

ferentiated products, meaning they offer unique products. Sellers compete for consumers

over two periods and will join the marketplace only if their total expected pro�ts across

both periods are greater than their reservation pro�ts.Consumers:In each period, new

consumers with unit demand and different outside options enter the marketplace. These

consumers search for and compare two products in their consideration set and will pur-
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chase the product that generates the highest utility.Marketplace: The online platform

charges sellers a commission on each transaction. The marketplace may or may not use

the bestseller recommendation system, which affects the formation of consumers' consid-

eration sets. Speci�cally, when the bestseller recommendation system is adopted, the best-

seller from the �rst period automatically enters consumers' consideration set in the second

period. Without the recommendation system, consumers randomly search for two options.

The model captures the essential features of an online marketplace where recommen-

dation systems in�uence product prominence and, in turn, competition outcomes among

sellers. The primary goal is to compare the equilibrium outcomes under the bestseller

recommendation system with the outcomes without recommendation (i.e., random recom-

mendation).

The primary results of the �rst paper are as follows. First, bestseller recommendations

intensify price competition among sellers, leading to lower equilibrium prices. Second,

adopting bestseller recommendations increases the number of consumers making purchases

and consumer surplus. Third, the impact of bestseller recommendations on sellers and the

marketplace depends on the extent of price reduction: if moderate, it creates a win-win-

win situation for consumers, sellers, and the marketplace; if too large, it may back�re and

decrease pro�ts. The desirable outcome where all parties bene�t is more likely to occur in

product categories with low base utility, high unit cost, high commission rate, and greater

heterogeneity in consumer tastes.

While the �rst paper analyzes the impact of bestseller recommendations in a setting

with heterogeneous consumers and horizontally differentiated products, important ques-

tions remain about the fundamental mechanisms driving the effects of such recommenda-
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tion systems. In particular, it is crucial to disentangle the roles of informational and search

effects—namely, how a product's “bestseller” status both increases its perceived value (in-

formational effect) and guarantees its presence in future consideration sets (search effect).

To address these core issues, the second paper investigates a stylized setting where

consumers are represented by a single, homogeneous agent. This simpli�cation allows the

analysis to isolate and rigorously examine the effects of bestseller recommendations absent

the confounding in�uence of consumer heterogeneity.

In this model, multiple sellers offer vertically differentiated products over two periods,

and the platform may or may not adopt a bestseller recommendation system. When imple-

mented, the bestseller recommendation ensures that the top-selling product from the �rst

period is prominently displayed and included in the consumer's consideration set in the

second period. The analysis decomposes the overall impact of bestseller recommendations

into two channels:

Informational effect: The bestseller status signals higher expected product value to fu-

ture consumers, allowing the bestselling seller to charge a premium. Search effect: The

bestseller is automatically included in the consideration set, increasing its chance of being

chosen. The key �ndings reveal that while bestseller recommendations can enhance the

perceived value of top products and affect the structure of price competition, they often

intensify rivalry among sellers—particularly as the number of sellers grows. As a result,

equilibrium prices and pro�ts for both sellers and the platform may decline relative to set-

tings without recommendations. However, the recommendation system generally improves

consumer surplus, especially when there is a strong informational effect or when consumers

have attractive outside options. Notably, the analysis demonstrates that bestseller recom-

mendations can sometimes be detrimental to platform and seller pro�ts—highlighting a

potential misalignment of interests between platforms and sellers.

By focusing on a simpli�ed market structure, this paper deepens our understanding of
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the strategic trade-offs introduced by popularity-based recommendation systems. It demon-

strates the importance of considering both search and informational effects, and provides

managerial insights into when and how bestseller recommendations should be deployed.

These results underscore the need for platforms to balance the objectives of enhancing

consumer experience and maintaining sustainable pro�tability, especially in highly com-

petitive categories.

Although the bestseller recommendation system is easy to implement and can partially

mitigate privacy concerns by focusing on general trends rather than individual consumer

data, it suffers from a lack of personalization. As a result, it may not adequately address

niche consumer preferences, potentially causing a loss of utility for certain consumers.

Recognizing this limitation, there has been a shift towards exploring more tailored solu-

tions that cater to individual needs. Personalized recommendations aim to bridge the gap

between general trends and unique consumer preferences. However, one key challenge

that online platforms face when employing personalized recommendations is balancing

consumer privacy and delivering tailored recommendations that cater to individual tastes

and preferences.

This limitation motivates the third paper, “Consumer Privacy and Personalized Rec-

ommendation on Online Platforms.” The paper advances the dissertation's central theme

by constructing a uni�ed analytical model that explores the intricate links between pri-

vacy, recommendation quality, pricing strategies, and the diversity of products in online

marketplaces. Building on the privacy-personalization paradox established in the previous

chapters, this study recognizes that the degree of privacy protection adopted by a plat-

form—whether determined by regulation or technology—fundamentally alters how effec-

tively platforms can personalize both product recommendations and prices for consumers.
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In the model, each consumer is characterized by a maximum willingness to pay for their

ideal product and a set of horizontally differentiated tastes, which may be correlated. The

platform receives noisy signals about these preferences, with the precision of information

governed by a privacy parameter. Lower levels of privacy enable the platform to better

match products and prices to individual consumers, while higher privacy introduces more

noise, constraining personalization.

The analysis reveals several novel dynamics. As privacy protections increase, plat-

form pro�ts are reduced, re�ecting diminished power to engage in effective targeting and

price discrimination. The effect of privacy on consumer utility, however, is fundamentally

non-monotonic: initially, increases in privacy can reduce utility by causing poorer matches

between products and consumer preferences, but at higher privacy levels, utility begins

to recover as price discrimination is curbed and prices become less personalized. Impor-

tantly, the model highlights that when consumer tastes and willingness to pay are strongly

correlated, platforms can use information about consumer preferences to infer willingness

to pay with greater precision, intensifying the negative effects of personalized pricing on

consumer surplus and potentially reducing overall social welfare. The optimal privacy pol-

icy, therefore, is highly sensitive to market structure, correlation strength, and the relative

importance of product matching versus protection from price discrimination; in certain set-

tings, maximizing welfare may require strict privacy, while in others, partial data sharing

may be optimal.

Another important insight is that banning personalized pricing does not universally lead

to greater information sharing or improved welfare; instead, it can prompt consumers to re-

strict data sharing further, as the platform's inability to offset price discrimination across

consumer types removes some of the potential gains from personalization. The study also

extends the analysis to the supply side by modeling how privacy impacts sellers' posi-

tioning strategies and product variety. As privacy protections strengthen, sellers concen-
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trate on mainstream, average-preference offerings, leading to reduced niche variety and a

compressed set of available options—an outcome with direct consequences for consumer

choice and platform competitiveness.

Finally, the paper considers the consequences of asymmetric information, showing that

when consumers underestimate the true relationship between their tastes and willingness

to pay, they may overshare personal data, exposing themselves to greater price discrimi-

nation and potentially diminishing their own welfare. Collectively, these �ndings demon-

strate that the trade-offs between privacy, personalization, and platform strategy are deeply

interconnected and context-dependent, with implications for both platform managers and

regulators. The results underscore the need for nuanced privacy and pricing policies that

re�ect the heterogeneity of consumer preferences, the realities of data correlation, and the

strategic responses of sellers, ensuring that the pursuit of privacy does not unintentionally

undermine consumer welfare or product diversity in online marketplaces.

Together, these three papers comprehensively examine the interplay between privacy,

personalization, and platform dynamics in online marketplaces. By understanding the com-

plex relationships between these factors, online platforms can make more informed deci-

sions about their recommendation strategies, ensuring a better balance between privacy

protection and personalization to enhance consumer experiences and maximize pro�ts.
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Chapter 2: The Effects of the Bestseller Recommendation System in On-

line Platforms

2.1 Introduction

Online marketplaces that connect sellers and consumers are playing a growing role in

today's economy. According to Digital Commerce 360, the top online marketplaces in the

world sold $3:23 trillion in goods in 2021. Sales through marketplaces like those operated

by Amazon, eBay, Alibaba, and others accounted for two-thirds of global e-commerce sales

in that year.1 In the U.S., Amazon generated over $610 billion in its total gross merchan-

dise volume (GMV), accounting for almost half of all retail sales in 2021.2 With millions

of items on major online marketplaces (e.g., Amazon currently has over 350 million items

on its site3), recommendation systems become an important instrument for them. Effective

recommendation systems that connect relevant and desirable products with consumers can

prevent them from information overload, reduce search friction, and ultimately facilitate

transactions and increase engagement. For example, 30% of Amazon's page views result

from its recommendation system (Sharma et al. [107]), 40% of App installs on Google Play

are from Google's recommendations, and e-commerce shoppers that clicked on recommen-

dations are 4.5 times more likely to add items to cart, and 4.5 times more likely to complete

1Top Global Online Marketplaces Facts & Statistics
2Year in Review 2021
19 New Ecommerce Statistics You Need to Know in 2024

3Your One-Stop Guide To Amazon SKU Numbers
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their purchase (Salesforce).4

Due to their ease of implementation, popularity-based recommendation systems are

widely used in practice. This type of recommendation system uses the sales volume of

products in a particular category and recommends products with the highest sales as “Best

Seller”, “Popular Product” or “Customer Favorite”. among different labels, “Best Seller” is

observed most frequently, as it sends the simplest message, lends credibility to the featured

products, and adds a social proof element to the recommendation (Myers and Sar [97],

Sorensen [111]). Furthermore, statistically, products previously chosen by most consumers

are very likely to be appealing for a large portion of the new consumers. In short, the

bestseller recommendation can help increase brand visibility, facilitate consumer search,

and help cope with the cold-start problems. This type of system is particularly suited to

environments in which there are many sellers and most consumers are anonymous and

vastly heterogeneous (Garcin et al. [56], Cremonesi et al. [40]).

For example, both Amazon and Etsy are currently using the bestseller recommenda-

tion. To illustrate the speci�cs, Figure 2.1 shows a recommendation page from these two

online marketplaces. In Figure 2.1a, one coffee maker is labeled as “Best Seller” in the list

displayed by Amazon's ranking system. In general, if a search term belongs to a speci�c

category, the bestseller for that category will show up in a prominent spot with the label

“Best Seller” clearly displayed. Similarly, Figure 2.1b illustrates a recommendation page

from Etsy for backpacks. On this webpage, the one at the top of the page is tagged as

“Bestseller”. Speci�cally, Etsy displays the “Bestseller” tag for the product that had the

highest sales volume over the past six months.

There are quite a few advantages of the popularity-based recommendation system com-

pared to other recommendation systems. First, it is much easier to implement and adjust.

4Recommendations: what and why?
12 Ecommerce Product Recommendation Tactics to Boost Sales
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(a) Amazon.com (b) Etsy.com

Figure 2.1: Recommendation Pages on Amazon.com and Etsy.com

The only metric that the marketplace and the sellers need to measure and track is a given

time period's sales. In addition, the marketplace can adjust the time window of the sales

measurement easily (e.g., switching from bestseller of the month to bestseller of the quar-

ter). As a result, there is no need for the marketplace to invest in sophisticated algorithms

that are both computationally and �nancially demanding. Second, it is straightforward to

understand the mechanism of the popularity-based system and thus easy to communicate

to the sellers. In other words, the transparency of this recommendation system saves the

sellers from wasting resources to speculate over what factors they should strategize to win

over recommendations. Third and perhaps most importantly, growing concerns over in-

dividual consumers' data and their privacy have led to the California Consumer Privacy

Act (CCPA) and General Data Protection Regulation (GDPR), and more recently, the new

law of Digital Markets Act in Europe in 2022.5 Collection and utilization of individual

consumers' information by major online marketplaces has been under greater scrutiny than

ever before. Compared to any personalized system which inevitably collects and analyzes

5Digital, Media & Electronic Communications
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individual-level data to make its recommendation, the popularity-based system only tracks

the transaction outcome – the sales level. As a result, the popularity-based system can

completely circumvent the public's concerns over marketplaces' potential violation of in-

dividual consumers' privacy.

Despite the advantages of the popularity-based recommendation system and its wide

adoption in practice, relatively little is known on its impact from the extant literature. In-

stead, prior work has largely focused on personalized recommendation systems which is

another widely adopted recommendation system in the �eld. Different from a popularity-

based system, a personalized recommendation system collects individual consumers' be-

havioral data and tries to match each consumer with personally relevant products that can

lead to the highest purchase likelihood or generate the greatest pro�ts (Choudhary and

Zhang [37], Zhou and Zou [129]). Field experiments have also shown that personalized

recommendation systems can be effective in raising �rms' pro�ts across different product

categories (Dias et al. [42], Jannach and Hegelich [75], Kumar and Hosanagar [82]). In re-

ality, it is likely that many online marketplaces are using a combination of personalized and

popularity-based recommendation to improve the system's overall performance (Amatriain

and Basilico [10], Zhang et al. [127], Tam and Ho [113]). For instance, Net�ix admitted

that its personalized recommendation uses “a pretty healthy dose of (non-personalized)

popularity information in their ranking method.”(Gomez-Uribe and Hunt [59]). To better

understand the impact of the “hybrid” recommendation system on the entire ecosystem, it

is helpful to �rst delineate the effects of the personalized factor and the non-personalized

(popularity-based) factor.6

Given the importance of the popularity-based system as well as sellers' price competi-

tion in this ecosystem and the gap in the current literature, our paper seeks to address the

6We focus on the impact of the popularity-based (bestseller) recommendation in this paper, and leave the
impact of the hybrid recommendation system for future research.
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following research questions.7 First, how does the bestseller recommendation in�uence

sellers' competition on the marketplace? Second, how does the bestseller recommendation

affect the marketplace and the sellers' pro�ts as well as consumer surplus? Third, when

should the marketplace adopt the bestseller recommendation?

To answer these questions, we build an analytical model that consists of an online mar-

ketplace, multiple sellers and multiple consumers. In particular, sellers offer horizontally

differentiated products to compete for consumers over two periods. Sellers will only join

the marketplace if their total expected pro�ts across two periods are greater than their reser-

vation pro�ts. In each period, new consumers with unit demand and different outside

options enter the marketplace. They search and compare two products in their consider-

ation set, and will purchase the product that generates the highest utility. The marketplace

charges sellers a commission on each transaction and may or may not use the bestseller rec-

ommendation system, which in turn affects the formation of consumers' consideration set.

Speci�cally, the bestseller from the �rst period automatically enters consumers' considera-

tion set when the bestseller recommendation system is adopted. Otherwise, consumers just

randomly search two options. Note that this setup captures the key features of the online

marketplace whose recommendation determines a product's prominence and in turn the

competition outcome among the sellers.

Comparison between the equilibrium outcome under the bestseller recommendation

with the outcome without recommendation (equivalent to a random recommendation) leads

to several novel insights. First, compared to the benchmark case without any recommen-

dation, the bestseller recommendation intensi�es the price competition among sellers and

leads to a lower equilibrium price. The intuition is that the bestseller recommendation

7The primary objective of this paper is to develop a tractable model to understand the impact of the
bestseller recommendation on sellers' pricing competition and all participants' payoffs. We do not intend to
analyze the optimal algorithm of the recommendation system given a speci�c objective, which was the focus
of a stream of prior literature (e.g., Ricci et al. [104], Ren et al. [103], Zuva et al. [134], Elahi et al. [43],
Yoganarasimhan [124], Feldman et al. [48], and Ferreira et al. [49]).
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guarantees the seller a spot in consumers' consideration set and thus increases consumers'

purchase likelihood (compared to the case where the seller enters consumers' consideration

set randomly) in the second period. As a result, competing sellers have incentives to re-

duce their prices in the �rst period to boost sales to increase their chance to be the bestseller

which will be recommended by the marketplace in the second period.

Second, as equilibrium price decreases, adopting the bestseller recommendation in-

creases the number of consumers making a purchase on the marketplace and consumer

surplus. By contrast, the bestseller recommendation has two opposing effects on sellers

and the marketplace. On the one hand, a lower equilibrium price hurts sellers' and mar-

ketplace's pro�t margin. On the other hand, the recommendation system induces more

customers to make a purchase so sellers have a greater demand, and the marketplace en-

joys commission from more transactions. When the bestseller recommendation intensi�es

seller competition so much that the equilibrium price is reduced to below a threshold, using

this system decreases each seller's expected pro�t, the number of active sellers on the mar-

ketplace (thus product variety), and the marketplace's expected pro�ts. Managerially, this

result means that using the bestseller recommendation may back�re for the marketplace

compared to the case with no recommendation.

Third, when the price reduction induced by the bestseller recommendation is moderate

(not too large), each seller's expected pro�t will be higher, and there will be more active

sellers on the marketplace. As a result, the marketplace will also be more pro�table. Recall

that consumers are overall better off. In other words, utilizing the bestseller recommen-

dation can create a win-win-win situation for all three parties. This desirable outcome is

more likely to happen in a product category with a low base utility, a high unit cost, a high

commission rate, and greater heterogeneity in consumer tastes. In such a product category,

sellers would have enough pricing cushion to absorb a more intense price competition in-

duced by the bestseller recommendation.
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Finally, we consider two extensions where consumers engage in costly search and en-

dogenously determine the size of their consideration set, and the marketplace optimizes its

commission rate. We show that the equilibrium prices under the bestseller recommendation

are still lower than the ones without the recommendation in these situations. In addition,

whether the bestseller recommendation bene�ts everyone in the ecosystem still depends

on the extent of the price reduction. These results demonstrate the robustness of the main

�nding on the impact of the bestseller recommendation on the entire ecosystem.

The rest of the paper is organized as follows. We �rst review the relevant literature in

Section 2.2. Then we introduce the model in Section 2.3. Next, we analyze the equilibrium

outcome without the bestseller recommendation in Section 2.4. Section 2.5 presents the

equilibrium under the bestseller recommendation. Section 2.6 discusses the differences be-

tween the cases with and without recommendation. Section 2.7 presents several extensions.

Finally, Section 2.8 concludes and discusses future research directions. All the proofs are

presented in the Appendix.

2.2 Literature Review

This paper contributes to the literature that studies the impact of personalized product

recommendations on the marketplaces (Tam and Ho [112]; Hosanagar et al. [71]; Hagiu

and Jullien [66]; Hagiu and Jullien [67]; Yang [123]; Yang and Gao [122]; Ke et al. [78];

Choudhary and Zhang [37]). This stream of work typically abstracts away from the issue

of price competition between sellers and its impact on the marketplace's recommendation

outcomes, with the following few exceptions. Teh and Wright [116] �nd that if competing

sellers can choose prices and the commission paid to the marketplace, recommendations

will be steered towards products with higher commissions, which increases the equilibrium

commissions and prices. Zhong [128] studies how the marketplace's search design inter-
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acts with its revenue models and show that the effect of product-buyer precision on price is

determined by the interplay between competition and incentives to search. Zhou and Zou

[129] �nd that sellers' incentive to compete for the recommendation spot pushes prices to

the medium levels and under certain conditions the marketplace can be more pro�table to

exclude products' pricing information in its recommendation system. While accounting

for sellers' strategic pricing decisions and their incentives to win over the recommenda-

tion spot, our work also differs from this stream of prior research in that we focus on the

popularity-based recommendation instead of personalized recommendations, which does

not raise any privacy concerns.

Our work is related to research on product salience and consumers' consideration set

formation. A stream of empirical work has documented that in-store displays and fea-

ture ads in the of�ine setting can signi�cantly increase a brand's sales even without price

promotions (Gupta [64], Grover and Srinivasan [63], Chintagunta [35], Papatla [99]). Im-

portantly, the rationale behind these empirical patterns is that in-store displays and feature

ads can make a brand more prominent, and are used by consumers to form their consider-

ation set (e.g., Hauser and Wernerfelt [70], Roberts and Lattin [105], Fader and McAlister

[45], Allenby and Ginter [8], Andrews and Srinivasan [13], Bronnenberg and Vanhonacker

[26], Mehta et al. [94]). For example, Zhang et al. [126] �nd that the gaze duration on a

feature advertisement has a positive and signi�cant effect on the sales of the featured prod-

uct beyond the mere presence of an ad. In addition, using ACNielsen scanner panel data

on single-wrap cheese slices, Zhang [125] show that over half of the consumers use feature

and in-store ad for consideration set formation.

Building on the empirical �ndings, a stream of theoretical work studies the impact of

product prominence/salience on pricing competition. Armstrong et al. [18] show that a

prominent �rm that will be searched �rst by consumers will charge a lower price than its

non-prominent rivals. Armstrong and Zhou [17] analyze how �rms can pay to make their
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products prominent and how the equilibrium retail pricing is higher than the case of ran-

dom search. Relatedly, Haan and Moraga-González [65] show that when consumers �rst

visit the �rm whose advertising is most salient, the equilibrium advertising in competition

increases as search costs rise. Amaldoss and He [9] �nd that prototypicality shapes the

composition of consumers' consideration set, and it may or may not lead to a higher price

compared to a non-prototypical competitor. Liu and Dukes [88] show that within-�rm eval-

uation costs and across-�rm evaluation costs are different in consumers' consideration set

formation process, and both costs affect �rms' product line design. Our work contributes

to this line of literature by analyzing the impact of a marketplace's decision on the sellers'

prominence (recommendation) on their pricing competition. In addition to the new layer of

the marketplace, we also note that the bestseller recommendation in our framework is or-

ganically determined by previous sales and there is no direct payment exchanged between

sellers and the marketplace.

Our paper also contributes to the literature on consumer search in online marketplaces.

Shulman et al. [110] show that �rms can provide prepurchase information to reduce con-

sumer uncertainty and aid their purchase decision. Dukes and Liu (2016) show that an

online shopping intermediary will design its search environment by raising search costs to

prevent consumers from evaluating too many sellers while ensuring them to search each

product in depth. Wang and Sahin [119] study the impact of search costs on assortment

planning and pricing when customers have uncertainties in their valuation. Derakhshan

et al. [41] show that when consumers sequentially search multiple products, ranking prod-

ucts in decreasing order of their preferences is not optimal for the marketplace. Aouad

et al. [15] assume that customers only consider the items they have clicked on before they

proceed to compare their random utilities, and show that this estimation approach outper-

forms the traditional Multinomial Logit choice model. Chu et al. [38] show that consumers'

sequential search leads to the optimal ranking algorithm in which the objective is a linear
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combination of consumer surplus and sellers' and the marketplace's revenue. Jiang and

Zou [77] �nd that the effects of �ltering and those of a decrease in search cost are quali-

tatively different on a retail marketplace. Shi and Raghu [109] show that when consumers

search in the presence of both vertical and horizontal dimensions of product heterogeneity,

recommending the high quality product can be sub-optimal. Zou and Zhou [133] show that

search neutrality, which bans the marketplace's self-preferencing when it competes with

third-party sellers, may lead to higher prices and thus harm consumers. This stream of pa-

pers mostly considers sequential search (e.g., Wolinsky [121], Anderson and Renault [11],

Gretzel and Fesenmaier [62], Greminger [61], Gao et al. [55]). By contrast, building on

Cachon et al. [27], our paper uses a parallel (simultaneous) search model. Our framework is

more applicable to settings where consumers are not familiar with the product category and

may need to go back and forth to compare two (or more) options. Our setting also captures

a key feature of the online search environment where visiting two sellers simultaneously is

feasible.

Finally, our paper is related to the growing literature on the impact of recommendation

systems on consumers' purchase behavior. Fleder and Hosanagar [50] show that recom-

mendation systems can push customers toward the same products and can create a rich-

get-richer effect for popular products. Prawesh and Padmanabhan [101] show that recom-

mending theN most popular articles is easily susceptible to manipulation but a probabilistic

variant is more robust to common manipulation strategies. l'Ecuyer et al. [90] considers the

ranking problem in response to organic search where the ranking tries to balance long-term

and short-terms revenue. Adomavicius et al. [5] experimentally show that recommendation

can change consumers' willingness to pay. Gallego et al. [54] propose a product framing

model where consumer choice is in�uenced by how products are displayed. Zhang et al.

[127] use an agent-based model to study the impact of various factors on the temporal dy-

namics of recommendation systems. Li et al. [85] study the impact of a recommendation
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system that is a weighted combination of expected customer utility and retailer revenue.

Furthermore, Li et al. [86] �nd that recommendation increases competition and results in

lower advertisement by sellers. Our work differs from this stream of literature in two impor-

tant dimensions. First, unlike most prior studies that consider a static setting, we focus on

a dynamic setting where the previous sales endogenously affect the current recommenda-

tion outcome. Second, instead of designing the optimal recommendation system based on

speci�c objectives, we take the bestseller recommendation strategy (commonly observed

in practice) as given, and analyze how it in�uences sellers' competition, the marketplace's

revenue, and consumer surplus.

2.3 Model

In this section, we present our model of the online ecosystem, which consists of the

marketplace, sellers, and consumers. On the online retail marketplace, multiple competing

sellers in the same product category interact with consumers over two periods,t = 1;2.

Below, we detail the speci�c assumptions and settings, starting with the sellers.

2.3.1 Sellers

There areM > 1 potential sellers who offer differentiated products in the same product

category. Each seller has one product under his brand (to facilitate exposition, we use

he/him to denote a seller and she/her to denote a consumer.). The per unit production

cost is assumed to bec > 0, and it is homogeneous across all products from all sellers.

Seller j 2 f 1; :::;Mg has a reservation pro�tp0j � 0, which is uniformly distributed over

[0;p0]. If a seller decides to join the marketplace, he will remain on the marketplace in both

periods. Therefore, sellerj will join the marketplace if and only if his expected total pro�t

from selling on the marketplace across the two periods is higher than his reservation pro�t
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p0j .8 Let m� M denote the actual number of sellers joining the marketplace. Once seller

j 2 f 1; :::;Mg joins the marketplace, he sets the price of his product,p j > c, which remains

unchanged throughout the two periods. After transactions with consumers complete, each

seller needs to pay the marketplace a �xed percentage of commission fee (more on this

later). Sellers are risk neutral and they maximize their total expected pro�ts over the two

periods.

2.3.2 Consumers

At the beginning of each periodt = 1;2, Nt > 1 new consumers enter the marketplace

and consider making a purchase in the focal product category. TheseN1 andN2 consumers

are two different groups of consumers, each of them will make at most one purchase in

period 1 and period 2, respectively.9 To simplify exposition, we consider the case where

N1 = N2 = N. If consumeri decides not to make a purchase in this category on the market-

place, she will take the outside option with a utility ofUi0 which is uniformly distributed

over[0;u0]. Therefore, consumeri will make a purchase if and only if her expected utility

from buying a product is higher thanUi0.

If a consumer decides to make a purchase in the focal product category, we assume that

she will only search and compare two products listed by two sellers on the marketplace.

Then she will buy the product that generates the highest utility. This assumption of search-

ing and comparing only two products is consistent with the notion that the size of con-

sumers' consideration set is limited due to costly information processing (e.g., Chakravarti

and Janiszewski [31], Chen and Riordan [32], Lleras et al. [89]). Furthermore, we will

8An alternative interpretation ofp0j is that this is sellerj 's �xed costs of entry. As a result, sellerj only
joins the marketplace if his expected total pro�t exceeds the entry cost, and upon entry, he is incentivized to
stay on the marketplace across both periods of the game.

9In theory, our model also applies to the situation where some consumers are the same across the two
periods, as long as their preferences are uncorrelated over time. We focus on “new consumers” in each period
to ease exposition.
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relax this assumption in Section 2.7.2 and show that our main results remain unchanged.

The utility consumeri obtains from purchasing the product sold by sellerj is given by

Ui j = u� p j + ei j ;

whereu represents the baseline utility from any product in this product category,p j is

the price for productj, andei j captures the (random) �t or match value that consumeri

draws for productj. Note thatei j for consumeri is realized after she �nishes searching

product j in her consideration set. To simplify the analysis, we assume thatei j is a random

variable that follows an i.i.d. zero-mean Gumbel distribution (McFadden et al. [93]) with

the following CDF:

F(x) = exp[� exp(� (x=m+ g))] ;

wheremis a scale parameter andg is Euler's constant. The scale parametermcan be viewed

as a measure of consumer heterogeneity in terms of their preferences over the products

under consideration. The higher the value ofm is, the more heterogeneous consumers'

preferences are. Because the baseline utilityu is identical across all products, if all the

products are identically priced, they are equally likely to be preferred by a consumer, i.e.,

they are ex ante symmetric.

When consumeri searches and compares two productsj andk ( j 6= k) listed on the

marketplace, the probability that this consumer purchases productj, i.e., productj gener-

ates a higher utility than productk, q j (p j ; pk) is given by the well-known multinomial logit

(MNL) formula,

q j (p j ; pk) = P(Ui j � Uik) =
exp((u� p j )=m)

exp((u� p j )=m)+ exp((u� pk)=m)
:

Furthermore, according to the properties of the Gumbel distribution and the MNL model
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(Anderson et al. [12]), the expected utility for consumeri from considering productsj and

k is

Ui = E[maxf Ui j ;Uikg] = mln
�
exp((u� p j )=m)+ exp((u� pk)=m)

�
: (2.1)

2.3.3 The Marketplace

To focus on the sellers' competition and the impact of the bestseller recommendation,

we assume that the online marketplace charges sellers a commission rate 0< ` < 1 (exoge-

nously given) on the revenue from each transaction between sellers and consumers (In an

extension in Section 2.7.1, we will analyze the case when the marketplace endogenously

sets its commission rate). The marketplace may or may not recommend products to con-

sumers to in�uence what products they would search. After observing the marketplace's

decision on whether to use a recommendation system, sellers and consumers make their

entry and purchase decisions conditional on their rational expectations on the equilibrium

outcome on the marketplace. For sellers who decide to join the marketplace, they choose

the prices to maximize their expected pro�ts. For consumers with a relatively undesirable

outside option, they will search and make a purchase decision to maximize their expected

utilities. Finally, given that sellers are ex ante symmetric, we focus on the symmetric inte-

rior equilibrium throughout the paper.

2.4 The Case Without Recommendation

In this section, we analyze the benchmark case where the marketplace does not use

any recommendation system. As a result, each consumer who decides to purchase will

randomly select two listed products to search and compare. The sequence of events is illus-

trated in Figure 2.2. Note that to focus on the impact of the bestseller recommendation (or

lack thereof), we assume that consumers engage in parallel/simultaneous search on the two
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alternatives within their consideration sets. We use superscript “o” to denote equilibrium

in the benchmark case.

Figure 2.2: Timeline of the benchmark model without recommendation

We �rst consider the consumers' decisions. All consumers in each period expect a

symmetric equilibrium on the marketplace where all products are priced atpo. Therefore,

substitutingpo into Equation (2.1), we obtain the expected utility for consumeri to pur-

chase a product in her consideration set in period 1 as follows

Ui = u+ mln2� po: (2.2)

Comparing her expected utility from the purchase with her outside option, consumer

i will make a purchase if and only ifUi � Ui0. Further, consumers in period 2 expect

the same symmetric equilibrium outcome because the same set of sellers on the market-

place from period 1 remain and they will charge the same prices. Therefore, the expected

number of customers who will make a purchase in period 2 remains the same as that in

period 1, i.e.,no
1 = no

2 = no. Essentially, the outcomes across the two periods are identical

in this benchmark case without recommendations. In aggregate, the expected number of

consumers who will make a purchase (i.e., the expected demand) in each period is given

by

no = N
u+ mln2� po

u0
: (2.3)

Next, we consider the sellers' decisions. We will take sellerk's perspective. Sellerk ex-
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pects a symmetric equilibrium wheremo sellers who join the marketplace including sellerk

himself compete for theno active consumers in each period, and all the other sellers charge

the symmetric equilibrium pricepo. To ensure the existence of the symmetric equilibrium,

we next examine if sellerk can do better by deviating from this symmetric equilibrium and

setting a pricepk 6= po. The expected number of consumers who will purchase his product

(i.e., his expected demand) in periodt = 1;2, E[Dk;t(pk; po;no;mo)], is given by

E[Dk;t(pk; po;no;mo)] = no
�

2
mo

�
exp((u� pk)=m)

exp((u� pk)=m)+ exp((u� po)=m)
: (2.4)

The �rst term no in this demand function is the equilibrium number of consumers mak-

ing a purchase on the marketplace. The second term,2
mo , is the probability that a consumer

includes sellerk in her search. This probability is calculated as 1=mo+( 1� 1=mo)(1=(mo �

1)) = 2
mo , where 1=mo is the probability that sellerk is selected �rst, and(1� 1=mo)(1=(mo �

1)) is the probability that he is selected second, because the consumer randomly selects two

out ofmo products. The last term, exp((u� pk)=m)=[exp((u� pk)=m)+ exp((u� po)=m)],

is the probability that a consumer purchases sellerk's product conditional on her searching

sellerk. Similar to the discussion on consumers, sellerk's expected demand across the two

periods is also identical, i.e.,E[Dk;1(pk; po;no;mo)] = E[Dk;2(pk; po;no;mo)].

Note that sellerk's pro�t margin after accounting for the commission and the marginal

cost is(1� `)pk � c. Thus, the expected pro�t for sellerk, pk(pk; po;no;mo), can be written

as

pk(pk; po;no;mo) = (( 1� `)pk � c)
�
E[Dk;1j pk; po;no;mo] + E[Dk;2j pk; po;no;mo]

�
:
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Sellerk's optimal price,po
k(po;mo), solves the following optimization problem,

po
k(po;no;mo) = argmax

pk� c
pk(pk; po;no;mo):

In a symmetric equilibrium, we have

po
k(po;no;mo) = po: (2.5)

In other words, the above equation ensures that the symmetric equilibrium indeed arises

in this setting. Note that in the symmetric equilibrium, we observeE[Dk;1(po;no;mo)] =

E[Dk;2(po;no;mo)] = no=mo. The total expected pro�t for each seller in the symmetric

equilibrium is thus

po(po;no;mo) = 2((1� `)po � c)
no

mo :

Sellerk would join the marketplace if his total expected equilibrium pro�t is higher

than his reservation pro�t, i.e., ifpo(po;no;mo) � p0k. Therefore, the equilibrium number

of sellers who will join the marketplace is given by

mo = M
po(po;no;mo)

p0
: (2.6)

The symmetric equilibrium in the benchmark case is a 3-tuplef po;no;mog that satis�es

Equations (2.3), (2.5) and (2.6) simultaneously. The following proposition characterizes

this symmetric equilibrium.

Proposition 1. Without any recommendation, there exists a unique (interior) symmetric
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equilibrium,f po;no;mog that is de�ned as,

po =
c

1� `
+ 2m; (2.7)

no =
N
u0

�
u� (2� ln2)m�

c
1� `

�
; (2.8)

mo =

s
4MNm(1� `)

�
u� (2� ln2)m� c

1� `

�

p0u0
:

The expected equilibrium pro�ts for each seller joining the marketplace and the market-

place itself are respectively

po = 4m(1� `)
no

mo ; and Po = 2` pono:

The equilibrium pricepo follows a simple structure as the sum of the adjusted unit cost

(by the commission rate),c=(1� `), and a mark-up of 2m. Essentially, the sellers would

pass part of the commission charged by the marketplace to consumers. The mark-up is pro-

portional to the extent of consumers' heterogeneity in their preferences over all competing

sellers' products,m. In other words, sellers enjoy a higher mark-up in equilibrium when

consumers view their products to be more differentiated.

Interestingly, the equilibrium pricepo is independent of the number of active sellers on

the marketplace,mo, and the number of purchasing customers,no. This is because regard-

less of the total number of sellers on the marketplace, competition is limited between the

only two sellers in any given consumer's consideration set (Recall that each consumer only

searches two products in her consideration set). Similarly, the total consumer demandno is

decreasing in the price of the productpo, but is independent of the number of active sellers

mo. As a result, in the benchmark case without any recommendation, the marketplace's ex-

pected pro�t,Po, is independent of the participating sellersmo too. Finally and intuitively,
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more consumers will attract more sellers onto the marketplace, i.e.,mo is increasing inno

(see Equation (2.6)). Later on, we will see how some of these properties in this equilibrium

would change if the bestseller recommendation is implemented by the marketplace.

2.5 The Bestseller Recommendation

In this section, we consider the case in which the marketplace implements the bestseller

recommendation system. In our context, the bestseller recommendation is based on the unit

sales in the �rst period. Speci�cally, once the �rst period is over, the marketplace will iden-

tify the “Best Seller” which had the highest number of sales in this period. At the beginning

of the second period, the marketplace will then recommend the “Best Seller” product to all

consumers. Given the salience of the “Best Seller” badge on a web page (as well as the

ex ante symmetry among all competing sellers), it is much easier for the product with that

badge to enter consumers' consideration set. Translating the power of the “Best Seller”

label into our framework, we assume that all consumers on the marketplace in the second

period will automatically search the “Best Seller,” along with another randomly selected

product. From a seller's perspective, being the bestseller in the �rst period increases his

probability of being considered and searched by consumers in the second period compared

to that of the previous period.

Figure 2.3: Timeline of the model with the bestseller recommendation

To delineate the impact of the bestseller recommendation, we consider the case with

recommendation while maintaining most of the assumptions in the benchmark case. In
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particular, we continue to assume that once a seller joins the marketplace and sets a price,

he will remain on the marketplace with the same price throughout the two periods. The

sequence of events with the bestseller recommendation is illustrated in Figure 2.3. It is

easy to see that the �rst period problem is identical to the one in the benchmark case,

whereas the second period problem fundamentally changes as one seller is identi�ed and

recommended as the “Best Seller.” We next derive the symmetric equilibrium of the model

with the bestseller recommendation which is again a 3-tuplef p� ;n� ;m� g.

All consumers expect a symmetric equilibrium on the marketplace where all competing

products are priced atp� . The �rst period consumers' decisions in this case with the best-

seller recommendation exhibit the identical structure to the one in the benchmark model

as the bestseller recommendation only affects the second period outcomes. In the second

period, consumers who decide to make a purchase will search the bestseller product along

with another randomly selected product. However, because the same set of sellers remain

on the marketplace and keep their prices unchanged from period 1, the second period con-

sumers' decisions also display the same structure as that in the benchmark case. Therefore,

following a similar process of deriving Equation (2.3) in the benchmark model, the ex-

pected number of consumers who will make a purchase (i.e., consumer demand) in each

period in the presence of the bestseller recommendation,n� , is given below

n� = N
u+ mln2� p�

u0
: (2.9)

We now consider how the sellers' decisions change when the bestseller recommenda-

tion is utilized. As before, we take the perspective of sellerk who expects a symmetric

equilibrium wherem� sellers who joined the marketplace including sellerk himself com-

pete forn� active consumers. In addition, all the other sellers charge the symmetric equilib-

rium pricep� . To ensure the existence of the symmetric equilibrium, we investigate if seller
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k has incentives to deviate from the symmetric equilibrium pricing. Suppose that sellerk

deviates from the symmetric equilibrium price by setting a pricepk 6= p� , his expected

demand in period 1 will be:

E[Dk;1(pk; p� ;n� ;m� )] = n�
�

2
m�

�
exp((u� pk)=m)

exp((u� pk)=m)+ exp((u� p� )=m)
:

This demand function has the same structure as his expected demand in period 1 in the

benchmark model given in Equation (2.4).

Once the �rst period concludes, the marketplace observes the realized sales of each

seller, and then identi�es and recommends the bestseller in the second period. Therefore,

a seller's expected pro�t in the second period critically depends on whether he is the best-

seller or not. Subsequently, we analyze the probability that sellerk is the bestseller, which

is calculated based on the realized sales of all sellers in period 1.

Recall that in period 1, each of then� consumers considers and searches two randomly

selected products, and then purchases one of them. The probability that a consumer pur-

chases productk (with price pk) is

gk =
�

2
m�

�
exp((u� pk)=m)

exp((u� pk)=m)+ exp((u� p� )=m)
; (2.10)

and the probability that the consumer purchases one of the(m� � 1) products (with price

p� ) other than productk is

g =
1� gk

m� � 1
:

As a result, the sales of them� sellers in period 1,D�
j ;1, j 2 f 1; :::;m� g, are random

variables that follow a multinomial distribution with the parameters(n� ;gk;g; � � � ;g). Their
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probability distribution function is given by

P(D�
1;1 = y1; � � � ;D�

k;1 = yk; � � � ;D�
m� ;1 = ym� ) =

n� !
y1! � � � yk! � � � ym� !

gyk
k gn� � yk:

Let Qk(pk; p� ;n� ;m� ) = P(D�
k;1 � max

1� j� m�
D�

j ;1) denote the probability that sellerk is the

bestseller, i.e., the realized sale of sellerk's product in period 1 is the highest among allm�

sellers. Based on the above distribution function of the sales, we deriveQk(pk; p� ;n� ;m� )

in the appendix.

To facilitate exposition, we abbreviateQk(pk; p� ;n� ;m� ) to Qk. Then, the expected

demand for sellerk in period 2 is given by

E[Dk;2(pk; p� ;n� ;m� )] = n�
�

Qk + ( 1� Qk)
�

1
m� � 1

��
exp((u� pk)=m)

exp((u� pk)=m)+ exp((u� p� )=m)
;

where the termQk + ( 1� Qk) (1=(m� � 1)) is the probability that sellerk will be searched

by a consumer in period 2. With probabilityQk, sellerk is the bestseller in period 1, and

he will be searched in period 2 with probability 1. With probability(1� Qk), sellerk fails

to be the bestseller in period 1, and he will be searched in period 2 by a consumer with

probability 1=(m� � 1).

The total expected pro�t of sellerk over the two periods is

pk(( pk; p� ;n� ;m� )) = (( 1� `)pk � c)
�
E[Dk;1(pk; p� ;n� ;m� )] + E[Dk;2(pk; p� ;n� ;m� )]

�
:

In this case, sellerk chooses its pricep�
k(p� ;n� ;m� ) to maximize his expected pro�t:

p�
k(p� ;n� ;m� ) = argmax

pk� c
pk(pk; p� ;n� ;m� ):
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In a symmetric equilibrium, the following equation holds

p�
k(p� ;n� ;m� ) = p� : (2.11)

Substituting the above equation into the expected demand in both periods, we have

E[Dk;1(p� ; p� ;n� ;m� )] = E[Dk;2(p� ; p� ;n� ;m� )] = n� =m� in the symmetric equilibrium. Con-

sequently, the total expected pro�t for each seller in equilibrium is given by

p � (p� ;n� ;m� ) = 2((1� `)p� � c)
n�

m� : (2.12)

Although the above equilibrium pro�t for a sellerp � (p� ;n� ;m� ) seems to have a similar

structure as the one in the benchmark case, we will show later that the equilibrium prices

are fundamentally different across the two cases, which directly re�ects the impact of the

bestseller recommendation.

Knowing his expected pro�ts upon entry, sellerk would only join the marketplace if

and only if his expected equilibrium pro�t is higher than his reservation pro�t, i.e., when

p � (p� ;n� ;m� ) � p0k. Therefore, the equilibrium number of sellers who will join the mar-

ketplace is given by

m� = M
p � (p� ;n� ;m� )

p0
: (2.13)

To summarize, the symmetric equilibrium in the case with the bestseller recommenda-

tion, f p� ;n� ;m� g, satis�es Equations (2.9), (2.11) and (2.13) simultaneously. The follow-

ing proposition characterizes this symmetric equilibrium.

Proposition 2. With the bestseller recommendation, there exists an (interior) symmetric

29



equilibrium,f p� ;n� ;m� g, which is de�ned by the following equations:

p� =
c

1� `
+

2m
1+ T(n� ;m� )

; (2.14)

n� = N
u+ mln2� p�

u0
;

m� =

s
2M(1� `)

p0

�
p� �

c
1� `

�
n� ;

where T(n� ;m� ) > 0 is de�ned in the appendix. The expected equilibrium pro�ts for each

seller joining the marketplace and the marketplace itself are respectively

p � = 4m(1� `)
n�

m�

�
1

1+ T(n� ;m� )

�
; and P � = 2` p� n� :

The equilibrium price under the bestseller recommendation,p� , still follows the same

simple structure as the sum of the commission adjusted unit costc=(1� `), and a mark-up

of 2m=(1+ T(n� ;m� )) . However, unlike the equilibrium pricepo in the benchmark case,

p� is not independent of the numbers of consumers and sellers on the marketplace,n� and

m� , anymore because the mark-up depends on the functionT(n� ;m� ). In the presence of

the bestseller recommendation, the competition is no longer limited within the two sellers

in her consideration set a consumer searches. Instead, all sellers on the marketplace will

compete in the �rst period to become the bestseller to gain an advantage in the second

period. The functionT(n� ;m� ) in the mark-up ofp� re�ects this intensi�ed competition

among sellers caused by the bestseller recommendation. This subtle change under the

bestseller recommendation will cascade into every part of the ecosystem as we can see

from the equilibrium characterized in Proposition 2.
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2.6 The Impact of the Bestseller Recommendation

In Sections 2.4 and 2.5, we have analyzed the equilibrium outcomes with and without

the bestseller recommendation, respectively. In this section, we compare the equilibrium

outcomes between the two cases to reveal the impact of the bestseller recommendation on

the entire ecosystem. First, the following proposition compares the equilibrium prices in

the two cases.

Proposition 3. Compared to the benchmark without recommendation, the bestseller recom-

mendation intensi�es the price competition among sellers and leads to a lower equilibrium

price, i.e., p� < po.

Comparing Equations (2.7) and (2.14), we can clearly see thatp� < po because the

extra termT(n� ;m� ) in the denominator of the mark-up ofp� is strictly positive. As we

discussed before,T(n� ;m� ) re�ects the strengthened competition among sellers under the

bestseller recommendation. To increase the chances to be the bestseller and thus guarantee

its presence in consumers' consideration set in period 2, sellers have to reduce their prices

to try to increase unit sales in period 1. Thus, this incentive induced by the bestseller

recommendation intensi�es sellers' price competition, which leads to a lower equilibrium

price. A natural question is how the reduced equilibrium price affects consumers, sellers,

and the marketplace itself. The following proposition addresses this question.

Proposition 4. Compared to the benchmark without recommendation, in the equilibrium

with the bestseller recommendation,

1. the number of consumers making a purchase on the marketplace is higher: n� > no.

31



2. if po � u+ m
�

ln2� 2
1+ T(n� ;m� )

�
, each seller's expected pro�t and the number of

sellers on the marketplace are lower:p � � po and m� � mo. Otherwise, they are

higher.

3. if po < u+ m
�

ln2� 2
1+ T(n� ;m� )

�
� c

1� ` , the bestseller recommendation reduces the

marketplace's expected pro�t,P � < Po. Otherwise, it increases the marketplace's

expected pro�t.

Consumers clearly bene�t from the lower equilibrium price under the bestseller recom-

mendation. As a result, part 1 of Proposition 4 states that more consumers will make a

purchase on the marketplace when the bestseller recommendation is implemented. In other

words, the bestseller recommendation enhances the overall demand on the marketplace,

i.e.,n� > no.

By contrast, the story for the sellers is more ambiguous. On the one hand, the demand-

enhancing effect of the bestseller recommendation makes the marketplace more attractive

to sellers. On the other hand, all sales will have to be made at a lower price due to the

intensi�ed price competition. The net effect of the bestseller recommendation for the sellers

is not clear-cut and it depends on which one of the two effects is stronger.

According to part 2 of Proposition 4, if the original equilibrium price in the bench-

mark case,po is already suf�ciently low (e.g., possibly due to a low level of differentiation

in the focal product categorym), to further intensify the price competition by introducing

the bestseller recommendation will hurt the equilibrium pro�t for sellers and discourage

them from joining the marketplace. With a low enough equilibrium price, many consumers

would have already made a purchase on the marketplace. In other words, relatively few

consumers are inactive and will choose the no-buy outside option. This implies that the

demand-enhancing effect of the bestseller recommendation is limited. In this case, the best-

seller recommendation will reduce the already low equilibrium price to an even lower level
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where the competition-intensifying effect would dominate its demand-enhancing effect. As

a result, sellers' pro�ts drop and the number of sellers entering the marketplace decreases

too. However, if the original equilibrium price in the benchmark case,po is relatively high,

there exists a signi�cant number of inactive consumers who can potentially be attracted to

make a purchase if the equilibrium price becomes lower. The demand-enhancing effect of

the bestseller recommendation is strong. In this case, there is room for sellers to cut prices

without hurting their pro�ts so that introducing the bestseller recommendation can improve

seller pro�ts and thus attract more sellers to join the marketplace.

Note that the marketplace collects a commission on the revenue of each unit of sales.

Hence, the marketplace faces the same trade-off: a lower price and a higher volume under

the bestseller recommendation, and a higher price and a lower volume without recommen-

dation. In aggregate, the marketplace may not bene�t from implementing the bestseller

recommendation. Part 3 of Proposition 4 indeed con�rms that blindly implementing the

widely used bestseller recommendation can back�re for the marketplace, especially when

the equilibrium price in the focal product category is already suf�ciently low. Finally, a

comparison between the condition in part 3 with that in part 2 leads to the following Corol-

lary.

Corollary 1. Compared to the sellers, the marketplace is more likely to bene�t from the

bestseller recommendation system.

Corollary 1 states that the marketplace is more likely to be more pro�table with the

recommendation than without the recommendation compared to the sellers. In other words,

the marketplace can sustain the pressure from a lower equilibrium price better than the

sellers as the former does not incur a marginal cost on each unit of sales whereas the latter

do. Managerially, this result implies that the incentives of the sellers and the marketplace

are not always perfectly aligned. When the latter actively promotes a new recommendation
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system, it does not necessarily bene�t the former group.

Given its popularity, one important question is whether the bestseller recommendation

can bene�t all participants on the marketplace. The following proposition answers this

question and reveals when a win-win-win outcome can occur.

Proposition 5. Compared to the benchmark,

1. only when po > u+ m
�

ln2� 2
1+ T(n� ;m� )

�
, the bestseller recommendation bene�ts

everyone in the ecosystem: n� > no, p � > po, m� > mo, andP � > Po.

2. the bestseller recommendation is more likely to bene�t the whole ecosystem in a

product category with a low base utility u, a high unit cost c, a high commission rate

`, and/or greater heterogeneity in consumer tastesm.

Recall from Proposition 4 that the sellers are the most vulnerable party on the market-

place who are most likely to be hurt by the bestseller recommendation. Part 1 of Proposition

5 states that only when the sellers are better off, implementing the bestseller recommen-

dation can achieve a win-win-win outcome to make all parties in the ecosystem better off.

Surprisingly, in this case, more intense pricing competition among sellers can improve their

payoffs. This result echoes the �nding of Jain and Qian [73] where more intense compe-

tition can lead to improved pro�ts for sellers on a marketplace. Part 2 of Proposition 5

suggests a win-win-win is more likely to happen in a product category with a low base

utility, or a high unit cost, a high commission rate, and greater heterogeneity in consumer

tastes. In such a product category, sellers would have enough pricing cushion to absorb

the price competition induced by the bestseller recommendation. For example, hand-made

fashion items such as designer bags and jewels �t with this criterion, which is consistent
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with the context at Etsy; on the other hand, a wide selection of products sold on Wal-

mart.com probably falls into the other end of the spectrum. Similarly, consumer packaged

goods/staples such as toothpastes and toothbrushes offer relatively high base utilities and

low unit production costs. As a result, a win-win-win is less likely to occur there.

Existing literature on recommendation systems has mostly focused on how they attract

more consumers to marketplaces without paying much attention to sellers (e.g., Abdollah-

pouri et al. [1]). Propositions 4 and 5 collectively show that sellers' payoffs are signi�cantly

in�uenced by the marketplace's recommendation decision. Although we caution that our

results apply to the bestseller recommendation, and they may not be readily generalized

to other recommendation systems, our results indeed indicate that sellers are actually a

key part of the equation in determining the overall effect of a recommendation system on

the whole ecosystem of a marketplace. It is crucial for a marketplace to make sure the

sellers' interests and their strategic responses are taken into account when considering a

recommendation system.

2.7 Extensions

In the main model, we made a few simplifying assumptions to focus on the impact of

the bestseller recommendation on sellers' competition. Speci�cally, we assumed that the

marketplace's commission rate was exogenously given, and the size of consumers' consid-

eration set was two (so consumers only searched two alternatives before purchase). In this

section, we relax these assumptions and analyze the cases of endogenized commission rate

and endogenized consideration set formation respectively.
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2.7.1 Endogenous Commission Rate

We now consider the case where the marketplace can optimize its commission rate.

Given the complexities of the choice probabilities, especially in the case with the bestseller

recommendation, analytical tractability is limited. Therefore, we rely on numerical studies

to investigate the equilibrium outcomes of the models under endogenous commission rates.

To improve computational ef�ciency, we approximate theT(n� ;m� ) function in the

model with the bestseller recommendation by a continuous function speci�ed in Appendix

B. In the numerical studies, we limit the commission rate that the marketplace can charge to

be no more than 50% to be consistent with practice in reality (e.g., the average commission

rate is about 30% on Apple App Store, 15% on Amazon, and 10% on eBay). We observe

some interesting patterns in the numerical analysis, and present a representative example

in Figure 2.4.

Figure 2.4: Comparisons of the optimal commission rates and equilibrium prices.
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Figure 2.4 shows how the marketplace's optimal commission rate and expected pro�t,

and the equilibrium price and seller pro�t change with the unit production cost,c, for a

given set of parameters, and compare them between the cases with and without the best-

seller recommendation.

Regarding the marketplace's optimal commission rate, we have two observations. First,

the marketplace's optimal commission rates are decreasing in the unit production cost of

the productc in both cases. Second, the marketplace's optimal commission rate is higher

in the case with the bestseller recommendation. As we discussed before, implementing the

bestseller recommendation intensi�es the price competition, resulting in lower equilibrium

prices which could hurt the marketplace's pro�t. To at least partially neutralize this effect,

the marketplace would raise the commission rate to incentivize the sellers not to drop their

prices too much.

However, as we can see from the �gure, even with a higher commission rate, the equi-

librium price in the case with the bestseller recommendation is still lower than the one in

the benchmark without recommendation. Therefore, the competition-intensifying effect of

the bestseller recommendation is robust. Optimizing the commission rate might weaken

this effect, but does not eliminate it completely. As a result, the sellers' equilibrium pro�t

is lower when the bestseller recommendation is implemented in the example shown in

Figure 2.4.10 Furthermore, implementing the bestseller recommendation can hurt the mar-

ketplace's pro�t, especially when the unit production costc is relatively low, even when the

marketplace can optimize its commission rate. All these observations are consistent with

the analytical results obtained in the main model with an exogenous commission rate.

10There exist cases where sellers are better off as well when the bestseller recommendation is implemented,
for example, withu = 10,m= 4, N = 105, M = 200,u0 = 20,p0 = 4000, andc = 4.
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2.7.2 Endogenous Consideration Set Formation for Consumers

In this subsection, we relax the assumption that consumers' consideration set only con-

sists of two products. We analyze the case where consumers' consideration set is endoge-

nously formed to maximize their expected utilities. In other words, consumers will endoge-

nously choose the optimal number of sellers to include in their consideration sets given their

expectations on the equilibrium.

We develop a consideration set formation model similar to the one used by Cachon

et al. [27] and Liu and Dukes [88]. A consumer incurs a search cost oft for each seller that

is included in her consideration set. If a consumer decides to make a purchase, she chooses

the number of sellers to include in her consideration set,r, to maximize her expected utility.

The total search cost for the consumer withr sellers in her consideration set will bert . The

consumer will purchase the product from the seller in the consideration set that generates

the highest utility to her. According to the properties of the MNL model, the expected

utility of including r sellers who price their products atp is given by

U(r) = u� p+ mlnr � rt :

The consumer choosesr to maximize the above expected utility given her expectation

about the prices set by the sellers on the marketplace. Anticipating the optimal size of con-

sumers' consideration set, sellers strategically set their prices. The following proposition

characterizes the optimal size of consumers' consideration set, the equilibrium prices in the

cases with and without the bestseller recommendation, and the condition under which the

bestseller recommendation creates a win-win-win situation for all three parties.

Proposition 6. 1. Regardless of whether the bestseller recommendation is implemented,
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the optimal number of sellers to include in a consumer's consideration set is

r � =
m
t

;

which is independent of the equilibrium price set by the sellers.

2. The equilibrium prices in the benchmark without recommendation and the case with

the bestseller recommendation are

po =
c

1� `
+

r � m
r � � 1

; (2.15)

and

p� =
c

1� `
+

r � m
(r � � 1)(1+ T(n� ;m� ; r � ))

; (2.16)

respectively, where T(n� ;m� ; r � ) > 0, T(n� ;m� ;m� ) = 0and T(n� ;m� ;2) = T(n� ;m� ).

3. Only when po > u+ m
�

lnr � � r �

(r � � 1)(1+ T(n� ;m� ;r � ))

�
, the bestseller recommendation

bene�ts everyone in the ecosystem: n� > no, p � > po, m� > mo, andP � > Po.

According to part 1 of Proposition 6, consumers will form a consideration set with

a �xed number ofm=t sellers, regardless of whether the bestseller recommendation is

implemented, as long as they expect a symmetric equilibrium emerging on the marketplace.

The size of consumers' consideration set is increasing in the heterogeneity in consumer

tastes,m, and decreasing in the search cost,t . Intuitively, consumers want to consider and

search more products when they have more heterogeneous preferences, because they value

the best match within their consideration set more (technically, the expected maximum

utility of the best-matched product within the consideration set ismlnr � ). In addition, they

want to search more alternatives when the cost of search is lower.
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Note that whenr � = 2, T(n� ;m� ;2) = T(n� ;m� ), so the equilibrium prices given in part

2 of the above proposition are the same as the prices given in Equations (2.7) and (2.14)

when consumers only search two sellers. Furthermore, we can clearly see from Equations

(2.15) and (2.16) thatp� < po continues to hold asT(n� ;m� ; r � ) > 0. In other words, the

competition-intensifying effect of the bestseller recommendation still exists, even when

consumers endogenously optimize the size of their consideration set. As a result, all the

other results we presented when consumers consider only two �rms in the previous sections

continue to hold qualitatively when they optimize the size of their consideration set. In

particular, the bestseller recommendation still does not necessarily bene�t the marketplace

as well as the sellers.

The new condition for the bestseller recommendation to create a win-win-win situation

for all parties on the marketplace is given in part 3 of Proposition 6.11 Due to the complex-

ity of the functionT(n� ;m� ; r � ), it is challenging to analytically compare this condition

with that in Proposition 5. Numerical studies show that the condition of a win-win-win

in part (iii) of Proposition 6 is less likely to hold asr � increases because of two reasons.

First, as consumers form a larger consideration set to search more sellers, the competition

among these sellers becomes more intense, leading to a lower equilibrium price,po, in

the benchmark case without recommendation. As we discussed in the previous section,

a lower po leaves even less room for the sellers and the marketplace to bene�t from the

bestseller recommendation. This result stands in stark contrast with Li et al. [87] where a

reduction in consumer search (deliberation) costs leads to greater pro�ts for a seller in a

traditional channel without competition. Second, as consumers search more sellers, each

seller has a higher chance to be included in a consumer's consideration set in the second

period regardless of whether he was the bestseller in the previous period. In other words,

11For example, the condition for a win-win-win situation holds withu = 4, m= 4, N = 105, M = 200,
u0 = 100,p0 = 4000,c = 4, ` = 0:05, andr � = 5.
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the advantage to be the bestseller is weaker for the sellers, which makes them less likely

to bene�t from the bestseller recommendation. This diminished advantage for sellers from

the recommendation also reduces the likelihood for the win-win-win situation to occur.

2.8 Conclusion

This paper examines how using the bestseller recommendation system in�uences the

pricing competition among sellers, and the payoffs of sellers, the marketplace as well as

consumers. To this end, we develop a two-period analytical model in which consumers'

and sellers' participation is determined based on their expectations about equilibrium price

and whether the bestseller recommendation system is utilized. Upon joining the market-

place, sellers choose their prices at the beginning of the �rst period and keep their prices

unchanged in the second period. In the �rst period, the marketplace displays products ran-

domly to customers. A consumer randomly selects a subset of displayed products to form

her consideration set, and purchases the product with the highest realized utility in this set

according to the multinomial logit model (MNL). In the second period, the marketplace

displays products using the bestseller recommendation system. This recommendation sys-

tem shows the product with the highest sales in the �rst period at the top of the webpage,

and randomly �lls the other spots on the webpage with other sellers. The bestseller product

automatically enters consumers' consideration set in the second period, and they compare

this product with another randomly selected product in their consideration set before mak-

ing a purchase. Finally, the marketplace collects a commission over each transaction on its

site. Analysis of the equilibrium outcome with and without the bestseller recommendation

offers important managerial insights on the following questions.

First, how does the bestseller recommendation affect sellers' competition on the mar-

ketplace? We �nd that compared to the case without any recommendation, the bestseller
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recommendation intensi�es the price competition among sellers and leads to a lower equi-

librium price. The reason is that the bestseller recommendation automatically secures the

seller a spot in consumers' consideration set and in turn increases consumers' purchase

likelihood (compared to the case of randomly entering consumers' consideration set) in the

second period. As a result, competing sellers have incentives to reduce their prices in the

�rst period to improve their chances of being recommended by the marketplace.

Second, how does the bestseller recommendation affect the payoffs of the marketplace,

sellers and consumers? We show that adopting the bestseller recommendation increases

the number of consumers making a purchase on the marketplace due to a lower equilib-

rium price. At the same time, consumers may suffer from a lower level of product variety

because fewer sellers will choose to join the marketplace. Overall, the adoption of the

bestseller recommendation increases consumer surplus. By contrast, the bestseller recom-

mendation system has two opposing effects on sellers and the marketplace. On the one

hand, a lower equilibrium price hurts sellers' and marketplace's pro�t margin. On the other

hand, the recommendation system invites more customers to the marketplace so sellers

have access to a greater demand, and the marketplace enjoys commission from more trans-

actions. When the bestseller recommendation intensi�es seller competition so much that

the equilibrium price is reduced to a very low level, using this system decreases each seller's

expected pro�t, the number of active sellers on the marketplace, and the marketplace's ex-

pected pro�ts. Managerially, this result suggests that using the bestseller recommendation

may back�re for the marketplace even compared to the case of no recommendation at all.

Third, when should the marketplace adopt the bestseller recommendation? Our anal-

ysis suggests that when the price reduction induced by the bestseller recommendation is

moderate, each seller's expected pro�t will be higher, and there will be more active sellers

on the marketplace. As a result, the marketplace will also be more pro�table. Recall that

consumers always bene�t from such a recommendation system. In other words, utilizing
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the bestseller recommendation can create a win-win-win situation. This desirable outcome

is more likely to happen in a product category with a low base utility, a high unit cost, a

high commission rate, and greater heterogeneity in consumer tastes. In such a product cat-

egory, sellers would have enough pricing cushion to absorb the price competition induced

by the bestseller recommendation.

Finally, what happens to the impact of the bestseller recommendation when consumers

optimize over their consideration set, or when the marketplace optimizes its commission

rate? We �nd that in these cases, the equilibrium price with the bestseller recommen-

dation is still lower than the case without the recommendation. More importantly, when

the pricing competition caused by the bestseller recommendation is not too intense, this

recommendation system bene�ts everyone in the ecosystem: consumers, sellers, and the

marketplace. On the other hand, when price reduction by the recommendation system is

severe, sellers and the marketplace will be worse off. These results highlight that the main

�nding of more intense price competition resulting from the bestseller recommendation is

robust.

We conclude this paper by discussing several directions for future research. First, our

model has focused on the impact of the bestseller recommendation on sellers' competition

and the marketplace's payoff. Future research could analyze the effect of other types of

recommendation systems. In particular, it will be useful to understand the in�uence of

hybrid recommendation systems where both personalized and popularity-based factors are

accounted for. In that case, we expect that the popularity-based factor in the system will

continue to put a downward pressure on competing sellers' prices. Furthermore, we conjec-

ture that as data privacy concerns and the regulatory pressure increase, online marketplaces

may put a bigger weight on the popularity-based factor. Second, future research can in-

vestigate the interaction between organic recommendations and sponsored brands/products

where sellers pay to obtain prominence. Marketplaces need to understand the trade-off
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between commission and direct payment from sponsorship, and sellers also need to opti-

mize their strategies over different instruments. Third, to simplify the analysis, our model

assumed that the bestseller recommendation guarantees its position in consumers' consid-

eration set. Future research can study a more general situation with a probabilistic (higher

probability than other products) entry into consumers' consideration set by the bestseller.

Finally, more empirical research is needed to quantify the effect of the bestseller recom-

mendation. In particular, it will be helpful to measure the change in consumer surplus with

and without such recommendation systems.
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Chapter 3: How Does Bestseller Recommendation Shape the Ecosystem

of an Online Marketplace?

3.1 Introduction

Digital marketplaces have become central pillars of the modern economy, enabling mil-

lions of buyers and sellers to interact on platforms such as Amazon, Alibaba, and JD.com.

These platforms account for trillions in annual gross merchandise value, with the top 100

global online marketplaces generating over $3.48 trillion in 2023 alone, a �gure projected

to continue rising.1 As these platforms offer vast and ever-expanding product assortments,

recommendation systems play an increasingly important role in guiding consumer choice,

reducing search costs, and stimulating engagement. For instance, it is estimated that nearly

30% of Amazon's page views are the result of recommendations (Sharma et al. [107]), and

similar effects are observed across the digital marketplace landscape.

Among the various approaches to product recommendations, popularity-based mecha-

nisms—most notably, the bestseller label—have become especially prevalent. In contrast to

personalized recommendation engines, which leverage granular consumer data, popularity-

based recommendations draw on aggregate sales �gures, designating certain products as

“bestsellers” or “popular choices” (Myers and Sar [97]; Sorensen [111]). Such designa-

tions serve a dual purpose: they help consumers navigate overwhelming product selection

and also operate as powerful market signals. By publicly labeling a product as a bestseller,

1Top Global Online Marketplaces Statistics

45



platforms create a form of social proof that shapes perceptions of value and credibility. In

highly competitive and anonymous marketplaces, this signaling function can meaningfully

in�uence both buyer behavior and sellers' strategic choices (Garcin et al. [56]; Cremonesi

et al. [40]).

Beyond their signaling function, popularity-based recommendations offer practical ad-

vantages to both platforms and sellers. Their simplicity makes them easy to implement,

communicate, and adapt, without the computational and privacy challenges associated with

individualized recommendations. With the advent of strict data privacy regulations such as

GDPR, CCPA, and the EU Digital Markets Act,2 many platforms have further embraced

popularity-based systems as an alternative that sidesteps the complexities of personal data

collection.

Despite their widespread adoption and apparent simplicity, the underlying impact of

popularity-based recommendations—and speci�cally, their role as signals—remains un-

derexplored in the academic literature. Most prior research has emphasized personalized

systems and their effectiveness at matching individual consumers to products (Choudhary

and Zhang [37]; Dias et al. [42]; Jannach and Hegelich [75]; Kumar and Hosanagar [82]),

while the informational effects of popularity labels have received less scrutiny. Some stud-

ies have noted that hybrid approaches are common in practice (Amatriain and Basilico [10];

Zhang et al. [127]; Tam and Ho [113]; Gomez-Uribe and Hunt [59]), but isolating the effect

of bestseller signaling remains critical for platform design and policy.

In continuation of the previous chapter, which addressed the general dynamics of rec-

ommendation systems, this chapter turns speci�cally to the signaling power of the bestseller

recommendation. Our goal is to investigate how the act of labeling a product as a “best-

seller” in�uences not only market outcomes but also the valuation and perceived credibility

of products in the eyes of consumers and sellers.

2The Digital Markets Act
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Our analysis demonstrates that the bestseller recommendation system fundamentally

changes the dynamics of price competition on online marketplaces. The introduction of

the bestseller badge—serving as both a signal of product quality and a guarantee of visibil-

ity—intensi�es competition among sellers, prompting more aggressive pricing strategies

in the initial period. Interestingly, when information updating is possible, the winner of

the bestseller label is able to command a premium in the second period due to elevated

perceived value, while rivals are compelled to lower their prices to remain competitive.

However, as the number of sellers increases, the bene�ts of the bestseller signal dimin-

ish, and overall, both sellers and the platform may experience reduced pro�ts compared to

the benchmark case without recommendations. In contrast, consumers consistently bene�t

from the bestseller recommendation, enjoying both improved access to high-value products

and increased surplus due to lower prices and better information.

The market implications of the bestseller recommendation become even more nuanced

when consumers have a viable outside option. In such settings, the demand-enhancing ef-

fect of the bestseller label can offset the downward pressure on prices, particularly when

the outside option is attractive. This creates scenarios in which both the platform and sell-

ers may bene�t from the recommendation system, in sharp contrast to the standard case

with inelastic demand. Notably, as the outside option becomes more appealing, the in-

cremental value of the bestseller recommendation declines, leading to a convergence of

outcomes between the recommendation and benchmark scenarios. Across all cases, how-

ever, consumers experience higher welfare under the bestseller recommendation, a result

that underscores the system's role in facilitating more informed and bene�cial choices.

The remainder of the paper is structured as follows. Section 3.2 reviews the related

literature. Section 3.3 presents the analytical model. Sections 3.4 and 3.5 compare equilib-

rium outcomes without and with bestseller recommendations. Section 3.5.3 discusses the

impact of the recommendation. Section 3.6 considers recommendation in the presence of
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an outside option. Section 3.7 concludes.

3.2 Literature Review

Understanding how product recommendations shape platform dynamics and consumer

behavior has attracted considerable scholarly attention. A substantial body of research has

focused on the effects of personalized recommendation systems in digital marketplaces.

Foundational studies such as Tam and Ho [112], Hosanagar et al. [71], and Hagiu and

Jullien [66] highlight the transformative impact of algorithmic suggestions on buyer choice

and platform performance. More recent analyses, including Yang [123], Yang and Gao

[122], and Ke et al. [78], further explore how personalized targeting drives both competition

and market segmentation.

Despite this rich literature, the vast majority of these studies abstract away from explicit

price competition among sellers and its feedback on platform recommendations. Only a

handful, such as Teh and Wright [116], directly examine how allowing sellers to select

both prices and commissions may distort platform incentives—ultimately leading recom-

mendations to favor higher-commission products. Complementing this, Zhong [128] un-

covers how the interaction between search design and platform revenue models in�uences

pricing, emphasizing the importance of buyer-platform competition. Additionally, Zhou

and Zou [130] �nds that the strategic contest for recommendation spots can push prices to

intermediate levels and, in certain scenarios, make platforms more pro�table by not reveal-

ing price information in their recommendation algorithms. Compared to these works, our

study pivots to the signaling effects of popularity-based (rather than personalized) recom-

mendations, which largely sidestep consumer privacy concerns.

A parallel literature explores the role of product prominence and salience in consumer

consideration set formation. Empirical research demonstrates that features such as in-
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store displays or special advertisements can signi�cantly lift sales, even without price cuts

(Gupta [64]; Grover and Srinivasan [63]; Chintagunta [35]; Papatla [99]). For example,

Zhang et al. [126] show that longer consumer attention to feature ads directly translates

into higher sales, while Zhang [125], using scanner panel data, �nds that a majority of

shoppers rely on such cues to construct their consideration sets. Further evidence, includ-

ing Hauser and Wernerfelt [70], Roberts and Lattin [105], and Mehta et al. [94], supports

the notion that visual salience and shelf position meaningfully affect which products con-

sumers evaluate.

Building on these empirical results, theoretical studies like Armstrong et al. [18] model

how the order in which consumers search products can lower prices for �rms with early

prominence. Others, such as Armstrong and Zhou [17], analyze the equilibrium conse-

quences when sellers can “buy” visibility, showing that this may actually push retail prices

higher compared to random search. Extensions by Haan and Moraga-González [65], Amal-

doss and He [9], and Liu and Dukes [88] dissect the nuanced ways in which search costs,

advertising salience, or evaluation frictions interact to determine both product line strate-

gies and equilibrium pricing. In the context of online marketplaces, our work extends these

models by examining how platform-determined prominence (through bestseller tags) af-

fects pricing dynamics—distinct from cases where prominence is directly purchased.

A third theme concerns the economics of consumer search in digital platforms. Several

studies (Shulman et al. [110]; Dukes and Liu 2016; Wang and Sahin [119]) demonstrate

how design choices—from information disclosure to engineered search frictions—in�uence

both buyer decisions and assortment strategies. Notably, Derakhshan et al. [41] show that a

straightforward “rank by preference” rule is not always optimal when consumers search se-

quentially. In contrast, Aouad et al. [15] �nd that click-based consideration models outper-

form traditional multinomial logit frameworks. The literature also reveals that the optimal

ranking or �ltering mechanisms (Chu et al. [38]; Jiang and Zou [77]) can create qualita-
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tively different outcomes for platforms and sellers, particularly when faced with product

heterogeneity (Shi and Raghu [109]; Zou and Zhou [132]). Although much of this research

employs sequential search models (Wolinsky [121]; Anderson and Renault [11]; Gretzel

and Fesenmaier [62]; Greminger [61]; Gao et al. [55]), our study adopts a parallel (simul-

taneous) search perspective as developed in Cachon et al. [27], which is better suited to

scenarios where consumers must compare unfamiliar alternatives side-by-side—a frequent

occurrence in e-commerce.

Finally, our work is anchored in the growing literature on the broader impact of recom-

mendation systems on market outcomes and consumer welfare. Fleder and Hosanagar [50]

document the “rich-get-richer” dynamic whereby algorithmic recommendations concen-

trate attention on already-popular products. Studies by Prawesh and Padmanabhan [101]

and l'Ecuyer et al. [90] highlight the vulnerabilities of popularity-based rankings to manip-

ulation and the balancing act required to optimize both short-term and long-term revenue.

Other research demonstrates that recommendations can alter consumer willingness to pay

(Adomavicius et al. [5]), that display framing shapes choice (Gallego et al. [54]), and that

agent-based models can capture the complex feedback between recommendations and mar-

ket dynamics (Zhang et al. [127]). Further, Li et al. [85] analyze systems that weigh both

consumer utility and retailer revenue, and Li et al. [86] show that competitive pressure

increases and advertising declines as a result of recommendations.

Unlike most prior studies, which focus on static models or on the design of optimal

recommendation algorithms, our analysis addresses a dynamic setting where past sales en-

dogenously determine future recommendation outcomes. We speci�cally investigate the

consequences of adopting a bestseller recommendation approach—one of the most preva-

lent and interpretable non-personalized signals in practice—and its interplay with seller

competition, platform pro�t, and consumer surplus.
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3.3 Model

In this section, we present our model of the online ecosystem, which consists of con-

sumers, sellers, and the online marketplace. In the online marketplace, multiple competing

sellers in the same product category interact with consumers over two periods. Below, we

detail the speci�c assumptions and settings, starting with the sellers.

3.3.1 Sellers

There arem � 2 competing sellers who offer vertically differentiated products in the

same product category in the online marketplace. Each seller has one product under his

brand (to facilitate exposition, we use he/him to denote a seller and she/her to denote a con-

sumer throughout the paper). Thus, we use product and seller interchangeably throughout

the paper. Each seller is indexed randomly asj 2 f 1;2; :::;mg. The per unit production

cost for a product is assumed to bec > 0, and it is homogeneous across all products from

all sellers. In each periodt 2 f 1;2g, seller j 2 f 1;2; :::;mg sets the price of his product,

p jt > c. All sellers are risk neutral, and they set their prices to maximize their total expected

pro�ts over the two periods.

3.3.2 Consumer

At the beginning of each periodt 2 f 1;2g, a new, representative consumer comes to the

marketplace and considers making a purchase in the focal product category. The utility that

the consumer in periodt obtains from purchasing the product sold by sellerj is given by

U jt = u+ v j � p jt ;
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whereu represents the baseline utility from any product in this category,v j represents the

brand-speci�c value created by productj to the consumer which is identical across periods,

andp jt is the price of productj in periodt. For ease of exposition, we normalizeu to zero

hereafter.

Initially, sellers do not know the exact values of their brand-speci�c values,v j , includ-

ing their own. Consumers do not know these values either. We assume that both the sellers

and the consumer share the common belief that the brand-speci�c values,v j , follow an

i.i.d. zero-mean Gumbel distribution (McFadden et al. [93]) with the following CDF:

F(x) = exp[� exp(� (x=m+ g))] ;

wheremis a scale parameter andg is Euler's constant. The scale parametermcan be viewed

as a measure of product differentiation in terms of their brand-speci�c values. The higher

the value ofmis, the more different competing products are in terms of their brand-speci�c

values. Because the baseline utility is identical across all products, if all the products are

identically priced, they are equally likely to be preferred by the consumer, i.e., they areex

antesymmetric to both sellers and the consumer.

We assume that the consumer will only search and compare two products in the mar-

ketplace. This assumption of searching and comparing only two products is consistent with

the notion that the size of consumers' consideration set is limited due to costly information

processing (e.g., Chakravarti and Janiszewski [31], Chen and Riordan [32], Lleras et al.

[89]). When the consumer searches a productj, she will observe the true value of the prod-

uct's brand-speci�c valuev j and its pricep jt . Then, between the two products searched,

she will purchase the product that generates the highest utility to her.

When a consumer searches and compares two productsj andk ( j 6= k) listed in the

marketplace in periodt, the probability that this consumer purchases productj, q jt (p jt ; pkt)
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is given by the well-known multinomial logit (MNL) formula,

q jt (p jt ; pkt) := P(U jt � Ukt) =
1

1+ exp(( p jt � pkt)=m)
:

Furthermore, according to the properties of the Gumbel distribution and the MNL

model (p. 60, Anderson et al. [12]), the expected utility for the consumer from search-

ing productsj andk in periodt is

Ut = E[maxf U jt ;Uktg] = mln
�
exp(( � p jt )=m)+ exp(( � pkt)=m)

�
: (3.1)

Upon purchase completion in period 1, this consumer leaves the market. In period 2,

a new consumer enters the marketplace, and depending on whether the recommendation

system is in place, she makes a purchase to maximize her expected utility.

3.3.3 The Marketplace

To focus on the sellers' competition and the impact of the bestseller recommendation,

we assume that the online marketplace charges sellers a commission rate 0< ` < 1 (exoge-

nously given) on the revenue from each transaction between sellers and consumers. The

marketplace may or may not recommend products to the consumer to in�uence what prod-

ucts she will search for. After observing the platform's decision on whether to use a rec-

ommendation system, sellers and the consumer make their pricing and purchase decisions

conditional on their rational expectations of the equilibrium outcome in the marketplace.

Sellers choose the prices to maximize their expected pro�ts. The consumer will search and

make a purchase decision to maximize her expected utility.
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