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Abstract

This paper examines how two-sided platforms develop their recommender systems to be

precise about value-for-money. On each platform, more precise recommendations generate

ranking and screening effects: they steer demand toward high value-for-money products, in-

tensifying price competition among firms which drives out lower-quality firms. Thus, more

precise recommendations benefit consumers but reduce platform’s per-transaction revenue.

A monopolist platform still prefers precise recommendations, as this expands demand. Com-

peting platforms choose even more precise recommendations. However, when consumers

search across platforms or recommender systems are overly complex, recommendations be-

come less precise. This shows that market power is only one potential explanation for

‘ensh*ttification’.
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1 Introduction

A key feature of modern online platforms (e.g., search engines, e-commerce websites, social

media) is their ability to provide relevant suggestions for users navigating an overwhelming vol-

ume of information. Early recommender systems employed simple rules that relied on consumer

ratings to recommend products to others. Today, platforms rely on complex (and often opaque)

algorithms, coupled with granular data on user behavior to develop these systems. Growing

consumer reliance on recommender systems and the rise of opaque data-driven algorithms have

elevated concerns about their specification. In response, regulators have introduced measures

to protect consumers and promote competition on and between platforms.1

This paper explores how two-sided platforms optimally develop their recommender systems,

focusing on how competitive pressures between platforms shape the precision of recommen-

dations. I consider a two-sided platform that recommends products to consumers based on

value-for-money. Firms produce products of different qualities and face no marginal costs.

Firms may choose to enter the platform at no cost, set prices and pay the platform an ad val-

orem fee. Consumers face some cost of joining a platform and receiving its recommendation.2

After obtaining the platform’s recommendation, consumers purchase a product, which they may

return at no cost if the product provides negative consumption utility.

On the platform, firms with higher value-for-money are displayed more prominently, and

consumers are more likely to engage with them. The platform may augment its recommender

system to be more (or less) precise about value-for-money. A more precise recommender system

means consumers are more likely to engage with firms offering a higher value-for-money.

A more precise recommender system causes firms offering higher value-for-money to obtain

substantially more demand—a ranking effect. To improve their ranking, firms compete more

fiercely on prices. Intensified price competition leads lower quality firms to become unprofitable,

having to set negative prices to obtain demand, and exit the market—a screening effect.

Although screening retains only higher-quality firms on the platform, ranking causes prices

to fall significantly. As a result, a more precise recommender system leads a platform charging

ad valorem fees to earn less per-transaction revenue. However, both ranking and screening

work to improve consumer surplus. Ranking results in cheaper products, and both ranking and

screening increase the likelihood that consumers engage with higher quality products. Hence,

more precise recommender systems enable platforms to attract more consumers, expanding

demand.

Using this trade-off between demand expansion and per-transaction revenue, I show that

a monopolist platform augments its recommender system to be more precise about value-for-

money. This improves consumption utility, attracting more consumers to the platform. The

lowest-quality firms exit the market because of the screening effect. Of the firms remaining on

the platform, all firms face a negative price effect due to fiercer price competition and a positive

demand effect due to demand expansion, however, lower quality firms face a net negative demand

effect as consumers are directed toward firms offering higher value-for-money. Only the highest

1Examples of such regulators include the Competition and Markets Authority, Cyberspace Administration of
China, European Commission, and Federal Trade Commission.

2This may be a result of a lack of willingness to join the platform. For example, because they simply prefer not
to shop online, have privacy concerns, or resist big corporations.
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quality firms experience a net positive demand effect that dominates the price effect, allowing

them to obtain higher profits.

Many platforms use complex algorithms when implementing their recommender systems,

raising concerns that recommendations may not be well-justified. To understand concerns

about recommender system opacity, I consider a model of naive consumers who fail to take

into account how firms update prices following the implementation of a precise recommender

system. Instead, these consumers believe recommender systems only reflect value-for-money.

Here, platforms prefer less precise recommender systems, but also make lower profits than

they would if consumers were not naive. Hence, it is in the platform’s interest to be voluntarily

transparent and educate consumers about its recommender system. This suggests that platforms

and regulators may have aligned interests in transparency and consumer education.3

In the monopoly setting, I also show how costly production inherently causes firms to set

higher prices. This enables a platform charging ad valorem fees to improve its recommender

system, thereby favoring consumers. I show that the above results are robust to (i) restrict-

ing free returns; (ii) allowing the platform to develop recommender systems less precise than

value-for-money and a general distribution of consumer costs; and (iii) a more general class of

recommender systems.

When a new platform enters the market and consumers single-home, a unique symmetric

equilibrium arises in which both platforms choose more precise recommender systems than a

monopolist would. More precise recommender systems improve consumer surplus, which makes

the platforms more appealing to consumers. As a result, consumers on the incumbent platform

benefit in both the extra- and infra-marginal sense. Existing consumers gain more surplus in

expectation, and new consumers are attracted to the platform. Additionally, some consumers

with a high cost of joining the incumbent—who would have been inactive in the monopoly

setting—may now become active on the entrant. This finding also highlights how competition

between platforms can lead to downstream competition between firms within a platform.

However, the algorithms used by these recommender systems require substantial data about

products and consumer behavior. Hence, it is less feasible for an entrant to create recommender

systems that are as precise as the incumbent. To understand these implications of platform

entry, I first consider the extreme environment where the entrant is unable to use recommender

systems. Here, the incumbent instead prefers recommender systems that are less precise about

value-for-money than a monopolist would. This is because the screening effect leads relatively

lower-quality firms on the incumbent platform to migrate to the entrant. However, on the

entrant platform, such firms are higher-quality relative to the other firms on the entrant, which

increases the expected utility consumers receive there. Hence, by lowering the precision of its

recommender system, the incumbent lowers the level of screening, reducing competition for

consumers from the entrant.

I also show that as the entrant adopts more precise recommender systems, the incumbent

responds by improving its recommender system, benefiting consumers. In this sense, better data

access could level the playing field between platforms and serve to improve consumer surplus,

3For example, the European Union’s (EU) Digital Services Act (DSA) requires platforms to be transparent about
the factors taken into account by their recommender systems.
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lending support for data sharing obligations mandated in the European Union’s (EU) Digital

Markets Act (DMA).

I evaluate the role of consumer multi-homing, allowing consumers to multi-home by searching

across platforms leads to a symmetric equilibrium in which platforms focus on raising per-

transaction revenues by worsening recommender systems.

Additionally, I study two environments of asymmetric competition between platforms. First,

I allow consumers to have asymmetric costs. If consumers face a higher cost of joining the

entrant, the entrant selects more precise recommender systems than the incumbent. Second, if

platforms compete sequentially, competition causes the incumbent to improve its recommender

system, but consumers remain worse off than when platforms compete simultaneously.

In the context of sequential platform competition, I evaluate how costly firm entry onto

platforms can affect the way firms multi-home. Here I show that only the highest-quality firms

multi-home and costly firm entry can raise the expected consumption utility consumers receive

from the incumbent compared to costless firm entry. Interestingly, some firms of intermediate

quality, which are able to sell on the incumbent, prefer to join the entrant and become ‘big fish

in a smaller pond’.

Taken together, this paper shows how the competitive environment affects the decision to

develop precise recommender systems. The results closely resemble changes in recommender

systems on platforms such as Amazon: A new platform with naive consumers prefers a rec-

ommender system that purely reflects value-for-money. As consumers learn how the platform’s

recommender system works, becoming less naive, the platform is incentivized to develop more

precise recommender systems. Competition further induces more precise recommender systems.

However, when a monopoly is established, recommender systems deteriorate relative to the

competitive benchmark. This offers market power as an explanation for platform degradation,

sometimes colloquially referred to as ensh*ttification.4 However, as the extensions highlight,

there can be numerous other potential explanations for platform degradation.

Using data from Prosper Marketplace, I conduct a simple empirical exercise and provide

suggestive evidence for the platform’s demand expansion and per-transaction revenue trade-off

shown in the model.

The rest of the paper is structured as follows: Section 2 describes and analyzes a monopolist

platform, with extensions discussed in Section 3. Section 4 introduces competition to the model,

and Section 5 shows extensions to this setting. Section 6 provides a discussion of the results

and Section 7 provides suggestive evidence for the model’s predictions on the platform’s key

trade-off. Finally, Section 8 reviews the literature and Section 9 concludes. Proofs can be found

in Appendix A, details of some extensions are left to the accompanying Appendix B, and a

detailed discussion about the empirical exercise can be found in accompanying Appendix C.

2 Monopoly

To guide exposition and highlight the trade-offs faced by platforms in isolation, I first consider

a monopoly setting. Consider an environment with the following agents: consumers, firms, and

4The term ensh*ttification was popularized in 2022 by Cory Doctorow to describe the growing difficulties one
faces when searching for products on Amazon. The term was named ‘word of the year’ by the American Dialect
Society (2023) and Macquarie Dictionary (2024).
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a monopolist incumbent platform.

Consumers. There exists a unit mass of consumers each demanding a single unit of product.

Consumers have homogeneous preferences for products, but face a heterogeneous cost of joining

the platform. This cost is independently and identically drawn from a uniform distribution with

support ci ∼ U [0, 1].5 Consumers choose to join the platform if their expected consumption

utility on the platform overcomes the cost of joining it. Upon joining the platform, consumers

receive product recommendations and select a particular product to purchase. Consumption

utility is the difference between the product’s quality and its price, u(αj , pj) = αj − pj , where

αj is the product quality of some firm j and pj its price.6 Let n represent the mass of consumers

whose cost lower than expected utility, and such consumers join the platform.

Firms. There exists a unit mass of single-product firms. Firms sell products which are sub-

stitutes, with heterogeneous quality independently and identically drawn from a continuous

uniform distribution, αj ∼ U [0, 1] represents the private quality information drawn by firm

j. Firms may only sell through the platform. In other words, there is no direct channel of

sales. Firms face zero marginal cost of production and no entry costs. However, they pay a

commission fee, r ∈ (0, 1), on revenue to the platform. Each firm selects a price pj to maximize

its profits, π(Dj(λ, αj , pj ,p9j), pj) = Dj(λ, αj , pj ,p9j)(1 − r)pj where Dj(λ, αj , pj ,p9j) is the

demand firm j, with quality αj and setting price pj , obtains given prices of all other firms on

the platform, represented by the vector p9j , and λ represents the recommender system adopted

by the platform. Firms are active if they make weakly positive profits, and where they make

zero profits, a firm prefers to sell rather than not. Therefore, a firm makes two decisions: the

choice of joining the platform and its selling price. Let N represent the set of firms joining the

platform.

Platform. The incumbent is a monopolist platform acting as an intermediary between

firms and consumers. The platform earns revenue from an exogenously determined ad val-

orem commission fee charged to firms, r ∈ (0, 1).7 Hence, the platform’s profits are Π =

r
∫
j∈NDj(λ, αj , pj ,p9j)pj dαj . The platform may learn the quality of firms and provide rec-

ommendations through a listing to consumers, following some recommender system.8 Let the

recommender function λ(αj , pj ,p9j , σ) be the probability with which consumers interact with

the listing of a particular firm j, where σ is determined by the platform and governs the shape

of the probability density function. To aid exposition, I suppose σ ∈ R+, and in Appendix B, I

show that results are robust to σ ∈ R.

Hence, the demand firm j faces can be written as Dj(λ, αj , pj ,p9j) = n × λ(αj , pj ,p9j , σ),

where the mass of consumers joining the platform consists of those whose expected consumption

5I relax this assumption in Appendix B, allowing for more general distributions of ci.
6The cost of joining a platform does not feature in consumption utility as consumption occurs after consumers
join the platform. In other words, at the point of making the consumption decision, joining is a sunk cost.

7Although some platforms charge both a nominal fee and a percentage fee, the percentage fee is often more relevant
for the firm. For example, on eBay (2025) the current maximum nominal fee is $0.40 and the percentage fee
ranges from 3% to 15%. (1998: $0.25 and 5% (eBay, 1998); 2005: $0.25 and 8% (The New York Times, 2005)).

8In practice, platforms are not able to directly observe firm quality. Instead, they learn about firm quality by
aggregating feedback from consumers. Hence, it is not possible for platforms to simply direct consumers to the
‘best’ firm as, without feedback, the platform is unable to identify such a firm.
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utility exceeds their cost, E[u] > ci, such that n = E[u] and

E[u] =

∫
j∈N

λ(αj , pj ,p9j , σ)(αj − pj) dαj . (1)

Note that consumers’ expected utility depends on the set of firms that choose to be active on

the platform—that is, firms which can make a positive profit.

The firms’ and platform’s profits respectively evaluate to

π(D(αj , pj ,p9j , σ), pj) = nλ(αj , pj ,p9j , σ)(1 − r)pj (2)

Π = nr

∫
j∈N

λ(αj , pj ,p9j , σ)pj dαj . (3)

In practice, firms higher on a list are more likely to receive interactions from consumers. To

reflect this, I model recommender systems following a Tullock contest (Tullock, 1980):

λ(αj , pj ,p9j , σ) =


αj−pj−σ∫

h∈N αh−ph−σ dαh
if αj − pj − σ ≥ 0

0 otherwise.
(4)

To understand this contest success function, first fix σ = 0. Then firms providing a higher

value-for-money obtain relatively more demand. When σ < 0, this introduces noise into the

system, and demand is more evenly distributed—firms providing a relatively higher value-for-

money receive a smaller share of demand than before. Conversely, when σ > 0, this makes the

system more precise about value-for-money, this means the platform steers consumers towards

firms providing a higher value-for-money and these firms now receive significantly more demand

than those with lower value-for-money.

This modified Tullock contest assumes that consumers receive positive surplus from a trans-

action. In Appendix B, I relax this assumption and allow consumers to be recommended and

consume products that provide negative consumption utility, and also show that the main find-

ings apply to a class of more general recommender functions that recommend firms to consumers

based on relative consumption utility. In either case, the qualitative insights of the model sur-

vive.9 Appendix B also provides some search-based microfoundations for direct application of

a contest success function to determine how consumers interact with firms.

This recommender system is reminiscent of how consumers do not simply observe a single

recommendation when searching on platforms. Instead, consumers observe a list of products,

and are more likely to interact with products featured more prominently on the list. Moreover,

when σ = 0, platforms provide exactly value-for-money recommendations. This is of particu-

lar interest because platforms initially, and can easily and directly, rely on consumer ratings,

reviews, and feedback to populate their recommendations. Prior work has also shown such

consumer-generated feedback reflects value-for-money (Cai, Jin, Liu, and Zhou, 2014; Carnehl,

Stenzel, Tran, and Schäfer, 2025; Li and Hitt, 2010; Luca and Reshef, 2021; Neumann, Gutt,

and Kundisch, 2018). In other words, a platform can indirectly learn about the quality of the

9The assumption that platforms select σ costlessly is innocuous and all qualitative effects survive if there was some
cost S(σ) ≥ 0 where S′(σ) ≥ 0. The key difference is that the optimal σ would be lower as platforms account
for the cost of higher σ, and in the asymmetric competition setting, σ becomes more flat across platforms.
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firm only after some transactions have occurred and, in equilibrium, ranks firms with higher

value-for-money higher on the list.

Additionally, mature platforms, and those with the ability to invest in other recommen-

dation tools may offer a recommender system different from value-for-money. Instead, their

recommendations may be more precise about consumption utility through the use of tools such

as sophisticated recommendation scoring rules (Amazon, 2024; Xu, 2022), verification processes

(Google, 2024; Tripadvisor, 2024), ‘badges’ and awards (Airbnb, 2024; Booking, 2024), buy-

boxes, and limited time deals. These recommendation tools, still based on value-for-money,

allow platforms to effectively skew recommendations in favor of products that consumers prefer

more, σ > 0 represents this outcome. In other words, higher levels of σ reflect recommenda-

tions which are more precise about consumption utility, and in practice, consumers, recognizing

such recommendations and anticipating a higher value-for-money, select them with a higher

probability.

In addition to highlighting the effects of the model, studying a monopolist platform reflects

the status of Very Large Online Platforms (VLOPs), defined and regulated by the EU’s DSA,

and Gatekeepers, defined and regulated by the EU’s DMA, and their role as key intermediaries

between firms and consumers. Some examples include Amazon Store, Google Play, Google

Maps, Google Shopping, Google Search, Alibaba AliExpress, Meta Facebook, and Apple App

Store. Importantly, Article 27 of the DSA expressly targets recommender systems, requiring

enhanced transparency and user agency.

The sequence of events follows: (1) firms learn their quality and the platform announces σ;

(2) firms decide to join the platform and the platform learns the quality of firms which join;

(3) firms joining the platform set prices; (4) consumers decide to join the platform and make a

consumption decision. I solve for a subgame perfect Nash equilibrium.

2.1 No recommender system

I first construct a benchmark in which the incumbent does not implement a recommender system

and consumers engage with firms at random. In other words,

λ(αj , pj ,p9j) =
1∫

h∈N 1 dαh
.10

This is reminiscent of the early days of e-commerce on the internet (e.g. eBay) prior to

the implementation of seller feedback systems. Platforms had few means of identifying firm

characteristics and, by extension, were unable to provide recommendations to consumers. I

search for prices that maximize consumer surplus—the difference between consumption utility

and joining cost, providing the most optimistic consumer-centric outcome without recommender

systems. This provides the most optimistic benchmark for consumer surplus, which is arguably

the primary concern of policymakers. The consumer-optimal price levels are pj = 0 and the

total welfare and consumer surplus are 1/8.11

10In a slight abuse of notation, I impose that this is equivalent to setting σ = −∞.
11Details can be found in Appendix B.
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2.2 Value-for-money recommendations

As more transactions occur on a platform, it is able to gather feedback about firms from

consumer purchase behavior and from ratings and reviews.12 This allows them to learn the

value-for-money that products provide and, in turn, list products with higher value-for-money

more prominently than those with lower value-for-money. Hence, it is natural to consider a

recommender system which captures value-for-money.

Illustrating recommender systems that purely reflect value-for-money also serves to highlight

the ranking effect introduced by recommender systems. Constraining σ = 0:

λv(αj , pj ,p9j) =


αj−pj∫

h∈N αh−ph dαh
if αj − pj ≥ 0

0 otherwise.

Because αj ≥ pj , consumers always purchase if they join the platform, and the mass of con-

sumers is given by

nv = E[uv] =

∫
g∈N

αg − pg∫
h∈N αh − ph dαh

(αg − pg) dαg.

Each firm’s profit function evaluates to

π(λv(αj , pj ,p9j), pj) = nv αj − pj∫
h∈N αh − ph dαh

(1 − r)pj .

Notice that each firm is unable to unilaterally influence nv, and firm j maximizes its profits by

setting the optimal price pvj = αj/2.13 Accounting for prices,

λv(αj , p
v
j ,p9j) =


αj∫

h∈N αh dαh
if αj ≥ 0

0 otherwise,

which shows how value-for-money recommender systems create a ranking effect, in which higher-

quality firms are now able to capture a larger share of demand relative to lower-quality firms.

To understand the market effects, it is straightforward to compute the profits and consumer

surplus. The platform and firms share the total profit 1/9, while consumer surplus is 1/18.

Hence, comparing value-for-money recommender systems to the consumer surplus-optimal out-

come with no recommender system:

Remark 1. When implementing value-for-money recommendations:

1. Consumer surplus falls and fewer consumers join the market.

2. Total welfare increases.

Although consumers may purchase higher-quality products more often, due to the increase

in price, they receive less surplus and are less likely to join the platform.

12While dynamic collection and use of transaction records and consumer feedback (ratings and reviews) is not
explicitly modeled, platforms can use such data to approximate the value-for-money of products (Gutt and
Herrmann, 2015; Li and Hitt, 2010; Luca and Reshef, 2021; Neumann et al., 2018).

13If the firm faces some costs (e.g. marginal cost of production) qualitatively similar effects apply, see Section 3.
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2.3 Precise recommendations

While the previous two subsections ignore the platform’s strategy, they closely capture historical

events. Now consider a platform being able to specify a recommender system which emphasizes

value-for-money, by choosing σ to maximize its profits.

Consumers join the platform if their expected consumption utility exceeds the cost of doing

so, and αj − pj − σ ≥ 0 implies αj − pj ≥ 0 such that they always purchase if they join the

platform. The mass of consumers evaluates to nm =
∫
g∈N

αg−pg−σ∫
h∈N αh−ph−σ dαh

(αg − pg) dαg.

Firms are unable to unilaterally influence consumers’ entry decision, and each firm j maxi-

mizes its profit

π(λ(αj , pj ,p9j , σ), pj) = nm αj − pj − σ∫
h∈N αh − ph − σ dαh

(1 − r)pj

setting the optimal price p∗j =
αj−σ

2 . More precise recommendations (larger σ) lead to fierce

price competition, which leads firms to set lower prices. Higher quality firms set higher prices

than lower quality firms. Accounting for prices,

λ(αj , p
∗
j ,p9j , σ) =


αj−σ∫

h∈N αh−σ dαh
if αj − σ ≥ 0

0 otherwise.

This formulation shows how precise recommendations further highlights the ranking effect as

the relative likelihood of obtaining some demand increases for higher quality firms and decreases

for lower quality firms. As a result, higher quality firms are more profitable than lower quality

firms as they benefit from higher prices and receive more demand.

Additionally, precise recommendations (larger σ) introduce a screening effect where low

quality firms receive zero demand. Because precise recommendations mean firms have to provide

higher value-for-money to consumers to obtain demand, such low quality firms have to set much

lower prices. However, if a firm has to set prices below marginal cost to attract demand, it would

rather become inactive. In other words, a firm is only active if αj ≥ σ. The resulting ranking

and screening effects are illustrated by Figure 1, and Lemma 1 summarizes findings about

firms.14

Lemma 1.

• Under precise recommendations, relatively higher quality firms make more profit than rel-

atively lower quality firms.

• When σ > 0, only firms with sufficiently high quality, αj > σ, are active on the incumbent.

• When recommendations are excessively precise, σ ≥ 1, all firms become inactive.

Notice that the outside option for firms is zero as there is no direct channel of sales. Hence,

as an implication of Lemma 1, firms with quality lower than σ exit the market. This provides

the following Corollary:

14It is possible to isolate the screening effect and show that screening alone is insufficient to explain platform
degradation.
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λ

αno recommender system

ranking effect

σ = 0

ranking effect

σ > 0

screening effect

Figure 1: When no recommender system is used, all firms have equal probability (zero mass) of being selected
by consumers (thick red line). When σ = 0, a ranking effect, a rotation, is introduced (dashed blue
line). When σ > 0, the ranking effect is more pronounced (dotted green line) and an additional
screening effect, a translation, is introduced (solid green line).

Corollary 1. There exists a cutoff firm, ᾱ = σ, above which all firms are active on the incum-

bent platform, and below which all firms are inactive.

Finally, consider the incumbent’s problem. Given consumer entry, firm pricing decisions and

ᾱ = σ, the platform’s profit function (3) evaluates to

Π = nmr

∫ 1

σ
λ(αh, p

∗
h,p9h, σ)p∗h dαh =

1 + 2σ

3
r

1 − σ

3
.

The platform optimizes its recommender system by balancing demand for the platform and the

revenue it is able to extract from firms. On the one hand, more precise recommendations lead

to demand expansion in two ways: First, consumers have a higher probability of transacting

with higher quality firms. Second, firms set lower prices which provides consumers with a larger

share of the transaction surplus. On the other hand, per-transaction revenue suffers as firms

lower prices.

In equilibrium, Proposition 1 shows the platform prefers recommendations which are more

precise about consumption utility than recommendations that are purely based on value-for-

money.

Proposition 1. There exists a unique subgame perfect Nash equilibrium. In the equilibrium,

the incumbent platform sets σm = 1/4, developing recommender systems which are more precise

than value-for-money recommendations.

2.4 Welfare discussion

Recall that consumption utility is given by (1), and consumer surplus accounts for the cost of

entry. Therefore consumer surplus is∫ E[u]

0
E[u] − c dc =

∫ n

0

∫
j∈N

λ(αj , pj ,p9j , σ)(αj − pj) dαj − c dc.

And total welfare the sum of consumer surplus, surplus of all firms, and the platform’s surplus.

9
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More precise recommendations make consumers better off as they are more likely to purchase

from a higher quality firm and, given quality, pay lower prices. Hence, consumers are better

off when a platform adopts precise recommendations rather than value-for-money recommen-

dations. Additionally, when comparing precise recommendations to no recommender system,

despite paying higher prices consumers can be just as well off as no recommender system. This is

because they transact with higher quality firms more often, allowing them to obtain an on aver-

age higher quality products. Therefore, in equilibrium, consumers are indifferent between using

a monopolist platform with precise recommendations over one with no recommender system.

Corollary 2 summarizes these results.

Corollary 2. On the monopolist, consumer surplus increases when recommendations are more

precise (σ ↑). In equilibrium, consumer surplus on the monopolist with precise recommendations

is 1/8.

Recall also that Section 2.1 makes the strong assumption that prices are consumer-optimal.

Relaxing this assumption would imply that a monopolist platform with precise recommendations

strictly benefits consumers.

Computing profits, the platform makes Πm = r/8 and the total profit firms make is (1−r)/8.

Although aggregate firm profit is larger than value-for-money recommendations (σ = 0), not all

firms benefit from precise recommendations and those which do, do so unequally. For intuition,

recall from Corollary 1 that some lowest quality firms are screened off the market. Hence,

these firms become inactive and cannot benefit from precise recommendations. The remaining

firms see precise recommendations affect their demand through two channels: (i) the entry

of extra-marginal consumers, benefiting all active firms, (ii) a redistribution of demand from

lower to higher quality firms benefits (harms) higher (lower) quality firms. Moreover, more

precise recommendations lead to fiercer price competition and all active firms set lower prices.

Hence, for some highest quality firms the demand effects dominate the price effect but for the

remaining firms, the benefits from the introduction of extra-marginal consumers is unable to

dominate both the negative redistribution and price effects. Corollary 3 formalizes this.

Corollary 3. When recommendations are more precise (σ ↑), firms with quality above some

cutoff, α̂, receive higher profits, while all other firms receive less profit. This cutoff is increasing

in σ.

Although consumers are indifferent between a monopolist platform with a precise recom-

mender system and no recommender system, because the total profit of the platform and firms

is 1/8, precise recommender systems can improve total welfare.

User agency A monopolist platform thus has an incentive to use precise recommendations.

Since precise recommender systems improve total welfare and makes consumers at least as well

off as no recommender system, this shows a platform providing a recommendation service is

able to generate value in the market. Importantly, if users are left to their own devices (to select

products based solely on consumer feedback or not use recommender systems), consumers are

weakly worse off than following the platform’s recommendation (Corollary 2). This suggests

that Article 27 of the DSA requiring platforms to provide consumers with the ability to modify

10
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the main parameters of their recommender systems is unlikely to improve consumer surplus

and hence consumers are unlikely to rely on such features when interacting with recommender

systems. In other words, it is possible that such regulation imposes a superficial and costly

requirement onto the way recommender systems are developed while having no (or negative)

effect on both consumer surplus and welfare.

3 Monopoly extensions

3.1 Naive consumers

The main analysis assumes consumers fully understand the equilibrium implications of how

platforms develop recommender systems. However, consumers may not fully understand the

implications of recommender systems. For example, due to a lack of exposure, or because of

the increasingly complex nature of these systems.

This section considers consumers who are naive and unable to fully appreciate the impli-

cations of more precise recommender systems. One possible scenario is that consumers do not

correctly anticipate how firms adjust prices in response to the platform’s recommender system.

To capture this, I model naive consumers who fail to recognize how firms account for σ in their

pricing strategy, even when firms actually do.

Because naive consumers do not anticipate how firms reduce prices in response to more

precise recommender systems, they believe the effect of more precise recommender systems on

their consumption utility is smaller than it actually is. Hence, their decision to join the platform

is less responsive to σ. Intuitively, the platform responds by lowering σ. If precise recommender

systems are less likely to attract consumers, then the platform can focus on obtaining higher

per-transaction revenues by emphasizing value-for-money less (lower σ) which reduces price

competition between firms. In equilibrium, the platform sets σN = 0.15 Since the platform

earns lower profits as it deviates from σm = 1/4, it makes less profit when consumers are naive.

Moreover, from Corollary 2, we know consumers are worse off when they are naive.

Transparency and public education These results then imply that consumer education

and algorithmic transparency are necessary to improve market outcomes and such policies would

be supported both by regulators and platforms.

For regulators, the result supports regulatory concerns that lack of transparency about how

complex recommender systems work can lead to worse recommendations. These concerns are

validated as consumers can be worse off than with no recommender systems. If regulations such

as Article 27 of the DSA—which requires transparency of recommender systems to consumers—

can make the implications of recommender systems, in particular how their specification may

affect firms’ prices and entry decisions, more salient to consumers, this can reduce näıveté, which

in turn leads to the development of more precise recommender systems and improves consumer

surplus. For the platform, it makes larger profits when consumers are not naive, which suggests

that if the cost of developing more precise recommender systems is sufficiently low, platforms

too prefer to educate consumers about their recommender systems. Hence, when it comes to

recommender systems, although platforms and regulators may face different goals, it is possible

15It is also possible to consider that only a share of users are naive. Then the platform prefers some intermediate
level of precision, σ ∈ (σN , σm). Details can be found in Appendix B.
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the act of transparency and consumer education works towards achieving their respective goals.

For details, see Appendix B.

3.2 Marginal costs

The main analysis assumes firms face zero marginal cost of production. Here, I relax this

assumption and suppose all firms face a marginal cost of production e. Proposition 2 shows

that the platform prefers more precise recommendations when firms face a higher marginal cost.

Note that to cover marginal costs, at a given σ, any firm of quality αj has to set higher prices.

This has two effects. First, some lower quality firms become inactive as they are unable to both

cover the increase in marginal cost and induce positive demand from consumers following (4).

Second, because the platform charges an ad valorem fee, when firms raise prices the platform’s

per-transaction revenue increases. Both effects serve to improve the platform’s per-transaction

revenue. Since prices are now less elastic in recommender system precision, the platform focuses

on its other trade-off: developing more precise recommender systems to attract more consumers.

Proposition 2. A monopolist platform develops more precise recommender systems when firms

face higher marginal cost of production, ∂σ
∂e > 0.

This suggests that lower production costs are a contributing factor to platform degradation.

If firms face a lower production cost, then the platform has an incentive to develop less precise

recommendations to raise prices.

3.3 Monopoly extensions

In Appendix B, I show that the platform’s trade-offs and welfare effects are robust to: (i)

no free returns such that consumers may end up purchasing, and keeping, a product which

provides negative consumption utility. (ii) Uninformative recommendations and distributional

assumptions. I simultaneously allow σ ∈ R such that a platform can also specify recommender

systems which are more noisy about consumption utility and let ci be drawn from a generic

distribution with support [0, 1] and peak 1. (iii) General recommender functions by adopting

more generic contest success function that depends on relative consumption utility.16 For details,

see Appendix B.

4 Competition

While most commonly discussed online platforms seem like monopolists in their own markets,

they often face competition and coexist with smaller, lesser-known platforms. For example,

Amazon competes with Newegg in the computer hardware market and more generally with

big-box stores and discounters such as Walmart and Zalando.

In this section, I explore the situation where two platforms, k ∈ {I, E}—the incumbent

and entrant respectively—compete simultaneously in their recommender systems. Firms may

choose to multi-home and joining each platform is costless for the firm. Consumers’ cost to join

each platform, ci,k, is independently and identically drawn from a uniform distribution with

support [0, 1]. Consumers do not multi-home and join the platform which provides the highest

16I also discuss two specific contest success functions: Tullock contest with utility exponent and logistic contest
success function.
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expected surplus—expected consumption utility less cost of joining the platform, E[uk] − ci,k.

Hence, the mass of consumers joining each platform k is

nk =

E[uk] − E[u9k]
2

2 if E[uk] ≥ E[u9k]

E[uk](1 − E[u9k] + E[uk]
2 ) if E[uk] < E[u9k]

(5)

where the expected consumption utility from joining either platform follows (1). Let the sub-

script k ∈ {I, E} represent the decisions on each platform k.

To provide a benchmark for the model with competition, I first consider an entrant with no

recommender system and later allow the entrant to use precise recommendations.

4.1 Entrant: no recommender system

Studying an entrant with no recommender system reflects the situation where new platforms

may be unable to provide recommendations, for example, due to a lack of technology or data.

Using this as a benchmark also draws attention to a key dynamic faced by the incumbent

when developing its own recommender system: To prevent firms from joining the entrant, the

incumbent chooses to provide a less precise recommender system.

Following Section 2.1, suppose that when a platform has no recommender system, prices on

the platform are consumer surplus optimal. Therefore, the price that a firm with quality αj

sets on the entrant is pj,E = 0.

On the incumbent platform, firms are unable to unilaterally influence consumers’ arrival

to the platform. Hence, firms joining the incumbent adopt the same price strategy as on a

monopolist platform, p∗j,I =
αj−σI

2 . Because firms joining the entrant make zero profit, firms

compare being on the incumbent platform to their outside option of joining the entrant, zero.

Therefore, the strategies of firms are identical to those in Section 2.3 and Lemma 1 applies to

firms choosing to join the incumbent in this setting.

Although firms can multi-home, Corollary 4 shows that they prefer to single-home, with

higher quality firms being active on the incumbent and lower quality firms active on the entrant.

Intuitively, all firms prefer being on the incumbent, as this allows them to make positive profits.

When a firm is active on the incumbent, it does not multi-home. Supposing a positive mass

of firms choose to multi-home. This raises the expected consumption utility that consumers

receive from joining the entrant, which draws consumers away from the incumbent; see (5) and

Figure 2c for illustration. Hence, by joining the entrant and making zero profits, the firm may

improve its total demand, but cannibalizes profit from itself by attracting consumers towards

the entrant. However, if a firm is screened off from the incumbent, because firms prefer selling

to not selling, it joins and sells on the entrant.

Corollary 4. There exists a cutoff firm ᾱ = σI , above which all firms are only active on the

incumbent, and at and below which all firms are only active on the entrant.

Corollary 4 is analogous to Corollary 1. The key distinction between Corollary 1 and Corol-

lary 4 is that firms now have the choice to be active on the entrant, continuing to sell but

making zero profits. Applying this result, the expected consumption utility on the incumbent

13
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and the entrant are

E[uI ] =
1 + 2σI

3
E[uE ] =

σI
2
.

Since σI ∈ [0, 1) such that E[uI ] > E[uE ],17 the demand on either platform is

nI =
1 + 2σI

3
−

σ2
I

8
nE =

σI
2

(1 − 1 + 2σI
3

+
σI
4

).

Figure 2b illustrates consumers choice of platform following entry.

cI

cE1

1

Incumbent

Inactive

(a) Incumbent as a monopolist.

cI

cE1

1

Incumbent

Entrant Inactive

(b) Entrant with no recommender system, for some σI .

cI

cE1

1

Incumbent

Entrant

Firms Multi-homing raises E[uE ].

(c) Entrant with no recommender system.
Firms multi-home for some σI .

cI

cE1

1

Incumbent

Entrant

Higher σI increases E[uE ].

Higher σI increases E[uI ].

(d) Entrant with no recommender system.
Incumbent raising σI from σm.

Figure 2: Consumers’ choice of platform: Consumers in the red dotted region join the entrant. Consumers in
the blue shaded region join the incumbent. The remaining consumers are inactive and do not join any
platform.

The presence of the entrant distorts the incumbent’s incentive to provide precise recommen-

dations. When the incumbent provides more precise recommendations, it screens a positive

measure of relatively lower quality firms off the platform. However, these firms are of relatively

higher quality compared to firms on the entrant. Because firms prefer to be active rather than

not, they join the entrant and improve the expected consumption utility that consumers receive

from joining the entrant. Hence, the incumbent improving its recommender system is only able

to attract a smaller mass of new consumers than without the entrant. This is illustrated in

Figure 2d.

However, a platform balances this gain in consumers with the per-transaction revenue it

17If σI ≥ 1 all firms join the entrant.
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receives. Although more consumers join the platform, firms set lower prices and the aggregate

per-transaction revenue falls. This decrease in revenue dominates any gain in transaction vol-

ume. As a result, an incumbent considering consumers’ incentives to switch between platforms

prefers a less precise recommender system than a monopolist, limiting the aggregate quality

on the entrant and reducing consumers’ incentives to join the entrant. This is expressed in

Proposition 3.

Proposition 3. Constraining pj,E = 0, there exists a unique subgame perfect Nash equilibrium.

In equilibrium, the incumbent facing an entrant with no recommender system adopts σI = 2/9.

Notice that σI < σm. Hence, when facing an entrant with no recommender system, an

incumbent makes its recommender system less precise.

Corollary 5 shows that competition between an incumbent employing precise recommender

systems and an entrant without recommender systems can improve consumer surplus. However,

these improvements in consumer surplus are driven by extra-marginal consumers becoming

active in the market.

To see this, recall that the expected consumption utility on the incumbent is 1+2σI
3 , which is

increasing in σI . Hence, expected consumption utility on the incumbent is lower in the face of

competition. This is a result of both increasing prices and lower firm quality on the incumbent

platform. As a result, taking into account consumers’ cost of entry, Corollary 5 shows that

consumers on the incumbent are worse off and, therefore, gains in total consumer surplus are

due to consumers who would otherwise be inactive becoming active on the entrant.

Importantly, this highlights how competition alone is insufficient to incentivize incumbent

platforms to foster trust by improving the specification of their recommender systems, and can

instead result in platform degradation.

Corollary 5. Compared to the case where the incumbent is a monopolist, competition with an

entrant with no recommender system leads to:

• An increase in total consumer surplus.

• Lower consumer surplus on the incumbent.

4.2 Entrant: precise recommendations

To fully understand how competing platforms develop their recommender systems, I now turn

to the situation where the entrant also adopts a precise recommender system, (4). Allow the

incumbent and entrant to simultaneously decide σI and σE respectively.

In equilibrium, the mass of consumers joining platform k is given by (5) and consumers

always purchase following entry. Since individual firms are unable to influence consumers’

platform choice, on each platform all firms adopt the same price strategy as Section 2.3, p∗j,k =
αj−σk

2 . Further, all firms with sufficiently high quality, αj > σk are able to make a positive

profit on the platform k. Since multi-homing is costless, and firms can make a positive profit if

their quality is sufficiently high, analogous to Corollary 1, any firm with αj > max{σI , σE} is

active on both platforms.

Proposition 4. There exists a unique symmetric equilibrium. In equilibrium, platforms adopt

σI = σE = σs ≡ 5−3
√
2

2 and each make the profit Πs < Πm.
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When the platforms simultaneously select σk, the problem is symmetric. Hence, there exists

a symmetric equilibrium, in which both platforms adopt more precise recommender systems

than a monopolist (σs > σm).

Contrasting this equilibrium to an entrant with no recommender system, the incumbent no

longer has an incentive to reduce recommender systems below the monopolist level. This is

because firms may now make positive profits on the entrant. Being able to do so removes the

incentives for firms to single-home. When firms multi-home, the incumbent is no longer able

to lower the entrant’s aggregate quality by strategically allowing lower quality firms onto the

incumbent platform. Additionally, because the competition between platforms for consumers is

more intense, consumers’ choice of platform is more responsive to the precision of recommender

systems, causing σ to increase beyond the monopolist level.

Compared to a monopolist, competing platforms lead to firms on both platforms setting

lower prices, only higher quality firms participate in the market and highest quality firms are

recommended to consumers more often. Hence, competition between precise recommender

systems can improve the surplus of both infra-marginal and extra-marginal consumers. Notably,

competing platforms lead to more precise recommendations, which cause firms on each platform

to compete more fiercely in prices. This highlights the importance of considering potential

downstream effects of encouraging competition between platforms.

The following remark establishes how an entrant with limited capacity to develop precise

recommender systems affects the incumbent’s recommender system.

Remark 2. Suppose the entrant is unable to develop recommender systems as precise as the

incumbent, e.g. constrain σI > σE. Then ∂σI
∂σE

> 0. The presence of an entrant adopting

recommender systems more precise of value-for-money improves the precision of the incumbent’s

recommender system.

This means, competition is only effective at improving the incumbent’s recommender sys-

tem only if the entrant has the ability to develop sufficiently precise recommender systems.

Otherwise, the incumbent specifies worse recommender systems than it would as a monopolist.

Following Corollary 2 and Remark 2, consumer surplus is strictly increasing whenever plat-

forms compete in the precision of their recommender systems. This improvement applies both

to infra-marginal consumers benefiting from lower prices and interactions with higher quality

firms, and to inactive consumers who become active under competition.

Corollary 6.

1. When platforms compete and the entrant’s recommender system is constrained, consumer

surplus is strictly increasing in the entrant’s precision σE.

2. In the symmetric competition equilibrium, consumer surplus on either platform is strictly

higher than under both the monopolist and entrant with no recommender system cases.

Total consumer surplus is likewiseno strictly greater than both cases.

Data sharing obligations. A practical question arises: Can an entrant develop a recom-

mender system as precise as the incumbent? Indeed, to build precise recommender systems,

platforms require past consumer transactions and feedback. New entrants to a market are un-

likely to easily amass such data. Data sharing obligations, such as those imposed by the DMA
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on Gatekeepers, could mitigate this issue. If individual firms are able to take past transaction

information to other platforms, this can reduce their switching cost as they bring along repu-

tation and customer feedback which can be used to develop an entrant’s recommender system.

As a result, firms can obtain similar profits on the new platform, encouraging multi-homing.

Likewise, if consumers can easily transfer past transaction information to a new platform, this

reduces switching costs. This way, data sharing obligations potentially allow entrants to develop

precise recommender systems similar to those of incumbents.

5 Competition extensions

I consider the following modifications in turn. First, I allow consumers to multi-home across

platforms. The remaining extensions address platform asymmetries. Second, I consider plat-

forms that compete in a sequential fashion rather than simultaneously, and I also examine the

role of costly firm entry. Third, I allow consumers to face asymmetric costs of joining each

platform.

As a robustness check, Appendix B also considers a general recommender functions by

adopting a generic contest success function that depends on relative consumption utility, and

provide the conditions under which there exists a symmetric equilibrium where the platforms

prefer a more precise recommender system compared to a monopolist.

5.1 Multi-homing consumers

A natural extension is to consider the implications of consumer multi-homing by searching

across platforms. For example, a consumer may arrive at the first platform and obtain its

recommendation, and compare this with a recommendation from a second platform.

Hence, from the previous model, this section relaxes the assumption that consumers cannot

multi-home, and allows consumers to search between platforms. The game follows: Platforms

simultaneously decide on the specification of their recommender systems. Firms then choose

which platform to join and set prices. Following which, consumers choose to join a platform and

realize the platform’s recommendation. Consumers may then choose to buy immediately or to

visit the second platform. If consumers visit the second platform, they learn of that platform’s

recommendation. Consumers have perfect recall. I solve for a symmetric equilibrium where

σI = σE = σh.

Proposition 5. There exists a unique symmetric equilibrium. In equilibrium, platforms prefer

a less precise recommender system than a monopolist, σh < σm.

In equilibrium, consumer behavior is similar to a search model with recall. Consumers first

join the platform that provides the highest expected consumption utility less cost of joining.

Consumers who simultaneously obtain a poor recommendation and face a low cost of joining

the second platform would then choose to search the second platform. All other consumers

purchase immediately following the recommendation from the first platform. Consumers who

searched both platforms evaluate the products and purchase the product providing the highest

consumption utility.

It is intuitive to see why platforms prefer less precise recommendations. Each platform loses

market power over consumers because some consumers would simultaneously receive both a
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poor recommendation and have a very low cost of joining the second platform. This makes

retaining consumers more difficult for the platforms. Even if a platform develops more precise

recommender systems, it will always lose some consumers to search. Hence, consumer multi-

homing makes it more difficult for platforms to improve transaction volume. A platform then

favors the other trade-off, improving per-transaction revenues, and does so by developing a less

precise recommender system.

Corollary 7 shows that consumer surplus is lower when consumers multi-home than single-

home. This effect follows directly from Corollary 6.

Corollary 7. In the symmetric equilibrium with multi-homing consumers, consumer surplus is

lower than under consumer single-homing.

This provides a surprising hypothesis: for the same product, consumers’ multi-homing be-

havior would lead to an increase in prices. This hypothesis could be tested using a combination

of clickstream data to measure consumer multi-homing behavior and tendencies, and prices

of identical products on competing platforms. If an increase in price can be attributed to

higher consumer multi-homing, this might suggest that the lack of consumer loyalty worsens

recommender system precision.

Consumer loyalty Results from this section suggest a potential channel of platform degra-

dation results from consumer search behavior. If consumers find it easy to compare between

platforms, platforms have less incentive to develop precise recommender systems. This means,

encouraging consumer search can, surprisingly, lower consumer surplus. Hence, cautious con-

sideration of overall market effects when considering regulations that may encourage consumer

multi-homing or reduced customer loyalty.

5.2 Sequential equilibrium

From the model of competition where consumers single-home, suppose that the entrant specifies

its recommender system before the incumbent. For example, the incumbent may have more

flexibility or market power, allowing it to develop its recommender system in response to the

entrant.18 Hence, the timing of the game follows: The entrant selects σE ; then the incumbent

selects σI ; after which firms decide which platform to join and set their prices on each platform;

finally consumers choose which platform to join and make their consumption decision.

In this setting, I show that the incumbent prefers a more precise recommender system than

the entrant, however, this is strictly lower than the symmetric equilibrium. This suggests that

any entrant that is able to develop precise recommender systems would, in equilibrium, lead to

better recommender systems than a monopolist.

Importantly, recall that consumer surplus is increasing in the precision of the recommender

systems on both platforms. Hence, when an entrant can provide precise recommender systems

and consumers single-home, consumers are better off with competition than without. Com-

paring the sequential and simultaneous equilibria, consumers are worse off while the platforms

make more profits if they participate in a sequential manner than simultaneously.

18This is without loss, one can alternatively choose to assign the entrant to be more profitable, or have more
capacity for flexibility, or the ability to develop better recommender systems, and hence move second.
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Proposition 6. There exists a unique sequential equilibrium. In equilibrium, σm < σE < σI <

σs and the platforms make ΠI > ΠE > Πs.

Because it is costless to multi-home, and firms are able to set positive prices on both plat-

forms, all firms which are able to be active on a platform choose to do so. This means that

firms with quality α ≥ σI multi-home across both platforms, and those with quality α ∈ [σE , σI)

single-home on the entrant.

To further understand firm multi-homing behavior, I now consider the effects of costly firm

entry.

Costly firm entry As an extension to the model with sequential platform competition, sup-

pose firms are able to multi-home. For firms, joining the first platform is free but joining the

second platform is costly. As above, without loss of generality, allow the entrant platform to

move first and the incumbent follows. Proposition 7 describes firms’ strategies.

Proposition 7. Given (6) and σE < σI , firms face unique cutoff strategies such that:

• A lowest quality group of firms which are inactive in the market, αj ≤ σE;

• A second lowest quality group of firms which are active only on the entrant, αj ∈ (σE , α],

α > σI ;

• A second highest quality group of firms which are active only on the incumbent, αj ∈ (α, α̃],

α̃ > σI ;

• A highest quality group of firms which are active on both platforms, αj > α̃, α̃ > σI ,

where α̃ is the minimum firm quality such that the firm makes sufficient profit to cover the entry

cost. Note it is possible that α = α̃.

The first group of firms arises as a direct consequence of Lemma 1. Some firms never find

it profitable to join any platform because they always receive zero demand from the platforms.

The second group of firms are only active on the entrant. This includes the group of firms

which can never make a profit on the incumbent, αj ∈ (σE , σI ]. However, it also includes

some firms which despite being able to make positive profit on the incumbent prefer to join the

entrant as they become a ‘big fish in a small pond’, rather than a ‘small fish in a big pond’,

allowing them to capture a larger share of the surplus on the entrant than on the incumbent as

they face weaker competition.

The rest of the firms are active on the incumbent as, despite setting lower unit prices, the

quality of firms on the incumbent is higher and this attracts more consumers, hence allowing

these firms to make larger profits on the incumbent. Finally, note that only the highest quality

firms, αj > α̃, make enough profit from joining a second platform and multi-home.

Contrasting Proposition 6 and Proposition 7 yields an interesting observation: Costly firm

entry would cause firms who would otherwise multi-home to either single-home on the entrant

if they were lower quality, or single-home on the incumbent if they were higher-quality. If one

could observe an exogenous increase in firms entry cost (e.g. if a platform raises its prices),

observing which market multi-homing firms choose to exit could provide a different method of

distinguishing firm’s appeal to consumers.

Implications Fix some (σI , σE) pair and suppose α̃ > α > σI . Then it must be that some

firms with quality αj ∈ (σI , α] exit the incumbent and join only the entrant. This raises the
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expected quality of firms on the incumbent relative to costless entry. Moreover, there exists some

firms with quality αj ∈ (α, α̃] which exit the entrant and only join the incumbent. This lowers

the expected quality of firms on the entrant. This means, unlike the sequential equilibrium

with costless firm entry, for any (σI , σE) pair, consumers’ expected consumption utility from

the incumbent is higher with costly firm entry while that on the entrant is lower. Therefore,

costly firm entry can limit the competitiveness of entrant platforms.

5.3 Asymmetric consumer cost

It is likely that consumers face a lower cost of joining an established platform—possibly due

to switching costs, familiarity, or other peer-based network effects. Following from the model

of competition where consumers single-home and platforms compete simultaneously, one can

model this situation as the distribution of the cost of joining the entrant being higher than

the incumbent in a first-order stochastic dominant sense. I show that the entrant prefers to

develop a more precise recommender system. While this result may be difficult to observe in

a dominated space like e-commerce, it is more easily observed on social media platforms. For

example, TikTok has better recommendation algorithms than Instagram (Gerbaudo, 2024).

For details, see Appendix B.

6 Platform degradation

Environment Monopoly Competition

Consumer behavior
Non-naive Naive Single-homing Multi-homing

σm = 1/4 σN < σm σs > σm σh < σm

Exogenous shifts
Marginal costs (e) Entrant recommender system (σE)

∂σ
∂e > 0 ∂σI

∂σE
> 0. If σE = −∞, σI < σm.

Table 1: Summary of results across competitive environments. In the monopoly environment, displaying results
for naive consumers and an increase in firms’ marginal cost. In the competitive environment, displaying
results for consumer multi-homing behavior and exogenous selection of entrant recommender system.
σ = −∞ corresponds to no recommender system.

Table 1 summarizes the key results of this paper. Together, these results broadly align

with how recommender systems on platforms such as eBay and Amazon have evolved with

market environments. When recommender systems were first introduced, consumers may not

have understood their implications. Hence, early monopolist platforms, such as eBay, adopted

recommender systems that purely reflected value-for-money (σN ). As consumers learned that

recommender systems did indeed reflect value-for-money and began to trust these recommenda-

tions, platforms became incentivized to design increasingly precise recommender systems (until

σm). While early competition may not have stimulated improvements to recommender systems,

as competitors became more sophisticated so did recommender systems ( ∂σI
∂σE

> 0, σs > σm).

However, if a platform is able to establish market dominance (e.g. a monopoly), recommender

systems become less precise. Therefore, the lack of competition between platforms may offer
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an explanation for the degradation of platforms, in the form of poorer recommendations and

search results, recently highlighted by the popular media.

Although entrenched monopolies may cause recommender systems to deteriorate, consumers

are still weakly better off than without these systems (Corollary 2). Moreover, the lack of

competition is likely only one of several factors contributing to platform degradation. For

example, this paper shows that platform degradation can occur for a variety of other reasons.

For example, if firms face lower marginal costs, which can arise if firms partake in cost-cutting

measures, this leads to lower prices. Platforms then have an incentive to weaken competition

between firms as their per-transaction revenue becomes more elastic with respect to the precision

of their recommender systems.

Alternatively, if consumers multi-home due to increased sophistication in comparing across

websites or decreased platform loyalty, then consumers’ decision to purchase on a particular

platform becomes less elastic with respect to the precision of the recommender system. This

way the platform prefers less precise recommender systems to abate price competition between

firms—raising prices on the platform, and its per-transaction revenue. Likewise, if recommender

systems are overly complicated such that consumers cannot understand their implications, con-

sumers’ decision to join the platform becomes less elastic with respect to recommender system

precision.

Together, these results suggests that policies intended to combat platform degradation can-

not simply focus on promoting competition between platforms. Instead, a number of other

factors can lead to poorer recommender systems and user-experiences, and understanding the

root cause of why platforms are becoming less attractive to users is necessary for a targeted

policy response.

7 Empirical exercise

In this section, I highlight suggestive evidence about the key trade-offs faced by the platform by

conducting a simple empirical exercise using data about Prosper Marketplace between December

2006 and April 2007.19

During the sample, Prosper was a platform that facilitated the transaction of peer-to-peer

loans following a reserve price reverse auction. Borrowers choose the loan amount and the

maximum interest rate they would pay for it, and list these with their credit information to the

platform. Lenders view these listings and can choose a minimum interest rate for fulfilling the

loan. For each listing, the auction starts at the borrower’s reserve price and lenders have 14

days to bid on the listing.

On Prosper, lenders are provided objective information about borrowers financial health.

More information allows lenders to better assess the financial health of borrowers, and hence

evaluate the risk associated with financing the loan. Borrowers with a higher risk profile can be

seen as lower value-for-money products as they are more likely to default on their loans. Since

an increase in information objectively allows lenders to create a better picture of borrowers

risk profile, this dataset provides a clean way to analyze the effects of improving the precision

of product value-for-money. On 12 February 2007, Prosper increased the number of variables

19My gratitude to Lauri Puro for providing the dataset used in Puro, Teich, Wallenius, and Wallenius (2011).
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it disclosed about borrowers credit, which corresponds to an increase in the precision about

transaction value-for-money, σ, in the model.

Therefore, studying Prosper is appealing for a number of reasons. First, during the sample

period, Prosper was essentially a monopolist for facilitating peer-to-peer loans in the USA. Sec-

ond, during the sample period, Prosper increased the amount of information about borrowers’

financial health on each listing, creating a natural experiment where lenders could develop a

more precise picture of the risk of fulfilling a loan, which is analogous to an increase in σ. Third,

the auction format on Prosper meant that the maximum interest rate borrowers were willing to

pay was public information. This is analogous to firms setting prices in my model, where lower

prices corresponds to higher interest rates. Finally, Prosper did not charge a listing fee and only

charged a fee proportional to the loan amount on funded loans to borrowers. Because borrowers

had to pay this fee out of the requested loan amount, i.e., the amount they actually receive is

the requested loan amount less the fee to the platform, a higher interest rate means borrowers

request a higher loan amount, which would also correspond to an increase in per-transaction

revenue for the platform. This is analogous to the proportion fee that platforms charge in my

model.
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Figure 3: Mean weekly borrower maximum interest
rates. Middle blue line: all listings. Bottom Green
line: high credit grades. Top gray line: low credit
grades. Red dashed line: 12 February 2007.
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Figure 4: Blue line: mean number of bids per active
listing, daily. Red dashed line: 12 February 2007.
Gray lines: dashed = pre-trends, solid = post-trends.

This represents the treatment event of interest and is highlighted in Figures 3 and 4 using

the red dashed line. Figure 3 plots the mean weekly borrower maximum interest rates. The

blue line plots all listings, and shows there is no clear change in the maximum interest rates

borrowers were willing to pay. However, when splitting the listings into borrowers with high

and low credit grades, a clear trend emerges.20 Borrowers with high credit grades set a higher

maximum interest rate following the treatment. An increase in the maximum interest rate

means borrowers (firms) giving up more surplus to lenders (consumers) which corresponds to

the model’s prediction that an increase in σ leads to a decrease in prices which transfers more

surplus to consumers. These results are also shown in the regression analysis in Appendix C.

Figure 4 plots the average number of bids per listing, and shows a jump in the level of lender

activity following the treatment. While this is not a perfect analogy to the model, it provides

20Although borrowers with low credit grades do not increase their maximum interest rate, this could be driven
by a number of external factors such as prevailing market interest rates and regulations limiting the maximum
interest rate.
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suggestive evidence supporting the prediction that an increase in σ leads to an increase in the

number of consumers on a platform.21 In Appendix C, I use other measures of lender activity

and arrive at qualitatively similar results.

Together, these results provide suggestive evidence that platforms do face a trade-off between

demand expansion (lender participation) and per-transaction revenue (higher maximum interest

rates leading to higher loan amounts) when increasing the precision of recommender systems

(certainty of credit profile) as shown in the model. A more detailed discussion can be found in

Appendix C.

8 Related literature

This paper explores how platforms compete in the development of their recommender systems.

In an emerging literature on the development of recommender systems, Li, Chen, and Raghu-

nathan (2020); Peitz and Sobolev (Forthcoming) model horizontally differentiated products,

Peitz and Sobolev (Forthcoming) show a platform may choose to bias its recommendation when

consumers have strong preferences, and Li et al. (2020) show that a recommender system which

directs consumers to the product offering the highest net utility can make some sellers worse

off and lead to lower prices. Zhou and Zou (2023) studies a model of vertical differentiation

and describes how the accuracy of quality-based recommendations can abate price competition

by firms, leading to higher prices, making consumers worse off. Like Zhou and Zou (2023), I

consider a model of vertical differentiation but consider how platforms may choose the accu-

racy of value-for-money based recommendations. Given this distinction, unlike them, in the

monopoly setting I find more precise recommender systems lead to lower prices, making some

sellers worse off which has nuanced implications for firms participation decisions. Whereas the

aforementioned papers focus on a monopolist platform, to the best of my knowledge, this paper

is the first to provide a tractable model of how competing platforms develop their recommender

systems.

My model is perhaps most similar to Casner and Teh (Forthcoming) in that both papers

similarly adopt contest success functions with some precision to model platform recommender

systems. Their paper focuses its attention on how firms design their products in response to a

platform’s fee structure and implementation of the recommender system (or lack thereof). In

contrast, my paper fixes the platform’s fee structure and asks what the optimal recommender

system specification is under this technology.22

In many settings, platforms adopt non-price strategies. On monopolist platforms, Johnen

and Ng (2024) model value-for-money ratings and discuss how platforms can facilitate consumer

ratings, and find that consumer surplus is maximized with a moderate level of facilitation. I

adopt a similar notion of value-for-money but adapt it to a model of recommendations. Models

of recommendations are similar to models of certification such as Celik and Strausz (2025) which

discusses the optimal information disclosure by a platform when there is uncertainty over firms;

and Bedre-Defolie, Johansen, and Madio (2024) which finds certification can lead sellers to exert

more effort. In the monopoly platform model, my results mirror theirs in that the platform

21The setting differs slightly. In the model, consumers only buy a single product at a known price. On Prosper,
lenders can bid on and fund multiple loans, and have to participate in an auction to fund the loan.

22In Appendix B, I provide conditions for when my results hold for more generic contest success functions.
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prefers a recommender system which is somewhat precise about consumption utility, and this

leads to firms setting lower prices. Nocke and Strausz (2023) characterizes when a platform is

able to build its collective reputation even as individual firms have their own incentives, and

this is similar to how consumers in my model are attracted to platforms which provide more

precise recommendations raising the collective reputation of the platform. Hagiu and Wright

(2024) looks at a platform’s decision to raise consumer awareness of the presence of other sellers.

Sellers then compete in prices for aware buyers. My model similarly studies how active firms

to compete in prices for consumers attention, and additionally allows for the platform to make

some (higher value-for-money) sellers prominent.

Whereas the aforementioned papers focus on understanding the implications of a monopolist

platform adopting non-price strategies, this paper examines the role of non-price strategies by

competing two-sided platforms. When two-sided platforms compete, Chellappa and Mukherjee

(2021); Ha laburda and Yehezkel (2013) show, when information is asymmetric, platforms prefer

to hide information where possible. Considering consumers with a bias for a particular platform,

Ha laburda and Yehezkel (2016) discusses the effects this can have on a platform’s fee and

fee structure. Choi (2010) describes how tying products can improve consumer surplus when

consumers can multi-home. Many others have also explored the intricate effects of platforms

deciding fee structure and setting fees in competing two-sided markets (Amaldoss, Du, and

Shin, 2024; Armstrong, 2006; Bakos and Halaburda, 2020; Bar-Isaac and Shelegia, Forthcoming;

Belleflamme and Peitz, 2010, 2019; Caillaud and Jullien, 2003; Choi and Jeon, 2023; Damiano

and Hao, 2008; Jullien, 2011; Karle, Peitz, and Reisinger, 2020; Rochet and Tirole, 2003; Teh,

2022). This paper focuses on the specification of recommender systems.

A substantial literature starting with Armstrong, Vickers, and Zhou (2009) studies promi-

nence in consumer search on platform markets. Generally, these models focus on a single

prominent firm and how steering and vertical integration can influence firms’ desire to become

prominent. I abstract away from the search element of such models and study how platforms

may make a group of firms more prominent by introducing (or reducing) noise in the market.

I use this model to examine the issues of firm participation on platforms and competition be-

tween platforms. Perhaps most similar in spirit within this literature is De Corniere (2016)

which considers a search model where firms pay for prominence and determine the broadness of

keywords used in consumer search. He shows there exists an equilibrium where firms prefer the

same broadness of search regardless of search engine competition. If, instead, the search engine

determines the broadness of keywords, it prefers less accurate keyword matching than firms.

Analogously, my model explores the degree of recommendation precision on a platform but

focuses on the platform’s optimal precision rather than a firm’s. In my mechanism, a platform

directly chooses the level of precision rather than indirectly as a result of its fee structure.

More recently, there has been growing interest in the role of algorithms. A focus of this litera-

ture is algorithmic pricing, showing algorithms lead to tacit collusion, for which Assad, Calvano,

Calzolari, Clark, Denicolò, Ershov, Johnson, Pastorello, Rhodes, Xu et al. (2021) provides a

comprehensive survey. On understanding the role of data sharing and its impact on algorithms,

Bergemann and Bonatti (2024) discusses how data is necessary to drive algorithms, showing pri-

vacy rules can protect consumers from targeted advertising, and Petropoulos, Martens, Parker,
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and Van Alstyne (2023) shows information sharing between platforms can improve competi-

tion. While I do not explicitly model the role of data, in the event where the absence of data

sharing can inhibit entrant platforms’ ability to develop precise recommender systems, in line

with Petropoulos et al. (2023), my results suggest that entrant platforms may find it difficult to

attract high-quality firms. However, I also show when entrants with a limited ability to develop

precise recommender systems can still create competitive pressures on the incumbent platform

to improve its recommender system.

9 Conclusion

Recommender systems are an integral component of the online economy, enabling users to navi-

gate and manage an overwhelming volume of information. I show that platforms face a trade-off

when developing these systems: Recommender systems that are more precise about consump-

tion utility intensify price competition between firms on the platform since providing more

consumption utility increases demand for the firm. Lower quality firms are unable to compete

and may exit the market. While both effects improve consumer surplus, which attracts more

consumers to the platform, a platform charging ad valorem fees obtains lower per-transaction

revenue.

On a monopoly platform, I show the platform prefers recommender systems that are more

precise about consumption utility than purely value-for-money recommendations. I study how

consumer näıveté can affect the specification of recommender systems. Because consumers do

not fully anticipate how the recommender system affects their surplus, their decision to join

the platform becomes less sensitive to how the system is specified. Hence, the platform has less

incentive to develop precise systems to attract consumers, instead focusing on enabling firms

to set higher prices. This result highlights how it is in a platform’s interest to be transparent

about and educate consumers about how its recommender system functions. It also suggests

that overly complex recommender system specifications that lead to consumer confusion could

instead harm the platform.

I also examine the role of costly production, and find if firms face lower marginal costs,

they set lower prices. This softens the platform’s incentive to attract consumers by developing

precise recommender systems, and instead lowers the precision of their recommendations. These

results provides two avenues for platform degradation which are independent of platform market

power.

A key contribution of this paper is its analysis of platform competition. When platforms

compete, if the entrant has a recommender system that is uninformative of value-for-money, the

incumbent prefers less precise systems than a monopolist does. However, as the entrant develops

more precise recommender systems, the incumbent also improves its recommender system. I

find a unique symmetric equilibrium in which both platforms prefer recommender systems that

are more precise about consumption utility than a monopolist does, showing that competition

indeed results in better recommendations. Using this insight, I discuss how modern data-driven

recommender systems may prevent entrants from developing precise recommender systems, and

how data portability and data-sharing obligations can result in recommender systems that are

more useful for consumers. Combining my findings on monopoly and competing platforms
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provides insight on how market power can be a contributing factor to platform degradation, at

least as it relates to how consumers may perceive recommender systems to be less useful.

I also examine the scope of consumer and firm multi-homing. When consumers multi-home,

platforms prefer less precise recommendations than when consumers cannot multi-home. This is

because when consumers are able to search across platforms, each platform finds it more difficult

to retain consumers and instead focuses on raising per-transaction revenues. Importantly, this

suggests that policies that facilitate consumer multi-homing may potentially backfire and lead

to less precise recommendations.

When firms multi-home, if firms’ face costly entry onto platforms, only the highest quality

firms find it profitable to multi-home. This serves to raise the expected consumption utility

from the incumbent as fewer relatively lower-quality (middle and lowest) firms are active on the

incumbent.

This paper focuses on how platforms strategically decide on their recommender system

precision when such systems are unbiased to describe potential avenues for platform degradation.

The paper does not explore other important regulatory issues such as platform self-preferencing

or sponsored and advertised products. How platforms strategically use their recommender

systems when such biases are present would be one direction for further research.
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A Proofs

Proof of Lemma 1. To prove the first statement, consider the profit function of a firm,

π(αj) = n
αj − σ∫

h∈N αh − σ dαh
(1 − r)

αj − σ

2
.

Higher quality firms are both able to set higher prices and obtain a larger share of demand.

The second statement follows from λ. For some σ > 0, if σ ≥ αj , firms with quality αj are

never recommended to consumers, and are inactive on the platform. Hence, only firms with

αj > σ are active on the incumbent.

To show the third statement, see that the second statement implies any σ ≥ 1 means all

firms receive no demand (or profits) and are inactive on the platform.

Proof of Corollary 1. For a firm to be active, it has to make positive profit on the plat-

form. Since firms have no outside option, they are active on the platform as long as

π(λ(αj , pj ,p9j , σ), pj) ≥ 0 and αj − pj − σ ≥ 0. Since profits are increasing in αj , there is

a lowest quality firm, ᾱ, such that π(ᾱ) = 0, which is the highest quality firm that is inac-

tive on the platform. All firms with quality above ᾱ make strictly more profit than ᾱ, hence

make positive profit and are active on the platform. Other firms with quality at or below

ᾱ do not make positive profit and are inactive. Hence, to find this cutoff quality level ᾱ,

π(λ(ᾱ, p∗j ,p9j , σ), p∗j ) = 0,

1 + ᾱ + ᾱ2 − 3σ2

3(1 + ᾱ− 2σ)

2(ᾱ− σ)

(1 − ᾱ)(1 + ᾱ− 2σ)
(1 − r)

ᾱ− σ

2
= 0.

Any ᾱ that makes π(λ(ᾱ, p∗j ,p9j , σ), p∗j ) = 0, must satisfy either 1+ᾱ+ᾱ2−3σ2 = 0 or ᾱ−σ = 0.

Since 1 + ᾱ+ ᾱ2 − 3σ2 = 0 implies the platform receives zero demand, and this would imply an

inactive market, this implies all firms are inactive, a contradiction to the cutoff rule. Therefore,

ᾱ = σ.

Proof of Proposition 1. To see this, observe that n = 1+2σ
3 , ∂n

∂σ = 2
3 > 0; and∫ 1

ᾱ λ(αh, p
∗
h,p9h, σ)p∗h dαh = 1−σ

3 , ∂
∂σ

∫ 1
ᾱ λ(αh, p

∗
h,p9h, σ)p∗(αh) dαh = −1

3 < 0. The platform’s

profit is Π = r (1+2σ)(1−σ)
9 and balancing the mass of consumers and per-transaction revenue,

∂Π
∂σ = r 1−4σ

9 > 0 at σ = 0 and ∂2Π
∂σ2 = −4r

9 < 0, it sets the optimal σM = 1
4 .

Proof of Corollary 2. Observe that the expected consumption utility is given by (1), 1+2σ
3 . Since

only 1+2σ
3 mass of consumers obtain this consumption utility, in expectation the total consumer

surplus is
∫ 1+2σ

3
0 E[u] − ci dci = (1+2σ)2

18 , which is strictly increasing in σ. In equilibrium, the

total consumer surplus with precise recommendations is 1
8 .

Proof of Corollary 3. To see how a firm’s profit changes with σ,

∂π(αj)

∂σ
=

2(1 − r)(αj − σ)

3(1 − σ)3
((αj − σ)(2 + σ) − (1 + 2σ)(1 − σ))

and
∂π(αj)

∂σ > 0 ⇔ αj > α̂ ≡ (1+2σ)(1−σ)
2+σ + σ > σ, and

∂π(αj)
∂σ = 0 ⇔ αj = α̂.
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To see that the cutoff α̂ is increasing in σ, ∂α̂
∂σ = 5−4σ−σ2

(2+σ)2
> 0.

Proof of Corollary 4. From Corollary 1, only firms with quality αj > σI may be active on the

incumbent. Notice that although firms are able to multi-home, firms with quality αj > σI do

not join the entrant in addition to the incumbent. This is because for all firms, πE(αj) = 0.

Hence, if some small but positive mass of firms multi-home and join the entrant this induces

more consumers to join the entrant, which draws demand away from the incumbent, reducing

their own profits.

For firms with αj ≤ σI , they are unable to be active on the incumbent. Although they

make zero profit on the entrant, firms prefer selling to not and are therefore active only on the

entrant.

Proof of Proposition 2. A firm’s profit function becomes π(αj) = nλ(αj , pj ,p9j , σ)(pj − e), and

the profit maximizing price is
αj−σ+e

2 . Only firms with quality αj > σ + e are profitable,

and hence active, on the platform. Consumption utility, (1), and platform profits, (3), be-

come E[u] = 1+2σ−e
3 and Π = 1+2σ−e

3 r 1−σ+2e
3 . The platform’s optimal recommender system

specification is σ∗ = 1+5e
4 .

Proof of Proposition 3. To see this, observe that ΠR
I = (1+2σI

3 − σ2
I
8 )r 1−σI

3 ,
∂ΠR

I
∂σI

=
r(8−38σI+9σ2

I )
72 , > 0 when σI = 0 and

∂2ΠR
I

∂σ2
I

= r(9σI−19)
36 , < 0 for all σI ∈ [0, 1]. Therefore, there

is only one feasible solution and σR
I = 2

9 .

Proof of Corollary 5. A consumer joining the incumbent expects a transaction of value 1+2σI
3 ,

and those joining the entrant expect a transaction value of σI
2 . Note that the joint density

of entry costs from both platforms is 1. Taking into consideration the consumers’ choice of

platform, the total consumer surplus from the incumbent is

∫ σI
2

0

∫ 2+σI
6

+cE

0

1 + 2σI
3

−cI dcI dcE+

∫ 1

σI
2

∫ 1+2σI
3

0

1 + 2σI
3

−cI dcI dcE =
8 + 32σI + 32σ2

I − 3σ3
I

144
.

and the total consumer surplus from the entrant is

∫ 1+2σI
3

2+σI
6

∫ σI
2
−cI

0

σI
2

− cE dcE dcI +

∫ 1

1+2σI
3

∫ σI
2

0

σI
2

− cE dcE dcI =
σI(2 + 11σI − 7σ2

I )

72
.

Therefore, in equilibrium, consumer surplus on the incumbent is 253
2187 , consumer surplus on the

entrant is 83
6561 , and the total consumer surplus is 842

6561 .

Proof of Proposition 4. I show that there exists a unique symmetric equilibrium. To see this, I

first show that the equilibrium cannot be asymmetric. I then show the symmetric equilibrium.

Without loss of generality, suppose to a contradiction that there is an asymmetric equi-

librium such that σI > σE . This implies E[uI ] = 1+2σI
3 > 1+2σE

3 = E[uE ], and the mass of

consumers joining either platform is nI =
5−4σE−4σ2

E+12σI

18 and nE = (1+2σE)(5+2σE−4σI)
18 . The

profit function of either platform becomes ΠI = nIr
1−σI
3 and ΠE = nEr

1−σE
3 , which are concave

in σI and σE respectively. The best response function of either platform is σI =
7+4σE+4σ2

E
24 and
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σE =
4σI+

√
37−44σI+16σ2

I−4

6 , since all other solutions lie outside the range of σk ∈ [0, 1] ∀k. This

solves σI = 5−3
√
2

2 and σE = 5−3
√
2

2 . A contradiction.

Suppose instead the equilibrium is symmetric, such that E[uI ] = 1+2σI
3 , and E[uE ] = 1+2σE

3 ,

then the mass of consumers joining either platform is nk =
5+12σk−4σ9k−4σ2

9k
18 . The profit function

of either platform becomes Πk = nkr
1−σk

3 ∀k, which is concave in σk. The best response function

of platform k is σk =
7+4σ9k+4σ2

9k
24 . Then σk = 5−3

√
2

2 is the only solution which satisfies the

condition σk ∈ (0, 1). Note that Πs
k = r(32 −

√
2).

Proof of Corollary 6. Consumer surplus on either platform k is

∫ 1+2σ9k
3

0

∫ c9k

0

1 + 2σk
3

− ck dckdc9k +

∫ 1

1+2σ9k
3

∫ 1+2σk
3

0

1 + 2σk
3

− ck dckdc9k =
(4 − σs)(1 + 2σs)2

81
.

This means on both platforms the consumer surplus is higher than both the monopolist and

entrant with no recommender system cases.

Proof of Proposition 5. First note that consumers always receive a positive consumption utility

from purchasing the product which is recommended by the platform. This means consumers

always purchase in the last stage. The expected consumption utility from joining either platform

is given by (1). Given this, I search for a symmetric equilibrium in platform strategies where

σI = σE = σh. To save on notation, I drop the platform subscripts. Recall from Lemma 1 that

all firms with quality above σh will join both platforms. In any such symmetric equilibrium,

it must be that the expected consumption utility from either platform is the same, E[uh].

Therefore, the initial mass of consumers joining either platform is nint = E[uh](1− E[uh]
2 ). Note

this means consumers join the platform for which they have a lower cost of joining first.

Upon joining the platform k, some firm with quality α′ is recommended to the con-

sumer with probability λ(α′, pk,pk, σk). Consumption utility from this interaction is α′ − pk.

Then the expected gains from search given α′ is E[∆(α′)] =
∫ 1
σk

∫ 1
α′(αh − ph − (α′ −

pk(α′)))λ(αh, ph,p9h, σ9k) dαhλ(α′, pk,p9k, σk) dαk. The consumer joins the second platform

if E[∆(α′)] > ci,9k. Hence, the probability a consumer searches is E[∆(α′)]. The mass

of consumers who stop and purchase from firm α′ on platform k is nimmediate(α
′, p,p) =

nintλ(α′, p,p)(1 − E[∆(α′)]).

Consumers who continue searching return to firm α′ on platform k if the recommended

product on platform 9k has quality below α′. This occurs with probability Λ(α′, p,p),

where Λ(α′, p,p) =
∫ α′

σh λ(αh, ph,p9h) dαh. Hence, the return demand is nreturn(α′, p,p) =

nintλ(α′, p,p)E[∆(α′)]Λ(α′, p,p).

Finally, consider the new demand from platform 9k. Since the platforms are symmetric,

the mass of consumers initially joining the platforms is the same. Suppose a consumer is rec-

ommended some α′′ on platform 9k. Then their expected gains from search are E[∆(α′′)] and

the mass of consumers searching k after visiting −k is
∫ 1
σh nintλ(αh, ph,p9h)E[∆(αh)] dαh. On

platform k, these consumers are matched with firm α′ with probability λ(α′, p,p). They choose

to purchase from α′ if Pr(α′ ≥ α′′) = Λ(α′, p,p). Therefore, the mass of new consumers

purchasing from α′ on platform k is nnew(α′, p,p) =
∫ 1
σh nintλ(αh, ph,p9h)E[∆(αh)] dαh ×

λ(α′, p,p)Λ(α′, p,p).
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Therefore the total mass of consumers engaging with firm α′ on platform k is n(α′, p,p) =

nimmediate + nreturn + nnew =

nintλ(α′, p,p)

(
1 − E[∆(α′)](1 − Λ(α′, p,p)) + Λ(α′, p,p)

∫ 1

σh

λ(αh, ph,p9h)E[∆(αh)] dαh

)
.

Consider the firm α′ pricing strategy, observe that its profit function is n(α′, p,p)p(1 − r).

Because firms are only able to unilaterally influence λ(α′, p,p) through its numerator, a firm’s

optimal pricing strategy is the same as in the main model, p∗j,k =
αj−σk

2 .

Finally, I turn to the platform’s problem. In the symmetric equilibrium, platforms select

σk = σh to maximize Π = r
∫ 1
σh n(αh, ph,p9h)p(αh) dαh. Then applying the functional form of

λ and accounting for prices,

λ(αj) =
2(αj − σh)

(1 − σh)2

Λ(αj) =
(αj − σh)2

(1 − σh)2

E[∆(αj ]) =
(1 − αj)

2(2 + αj − 3σh)

6(1 − σh)2

nint =
1 + 2σh

3
(1 − 1 + 2σh

6
).

Substituting these into the equation for n(α′, p,p) above, the platform’s profit function simplifies

to r (1−σh)(5−2σh)(1+2σh)(1213−13σh)
64800 , and σh = 0.131. which is a local maxima with the relevant

range of σ ∈ [0, 1).

Proof of Proposition 6. Following backward induction, note that consumers join the platform

which give them the highest expected consumption utility less cost of joining and always pur-

chase from the recommended firm.

I now show that all firms with quality αj > σk are active on platform k. On the platform

k, any firm with quality larger than σk. Since firms face no cost of multi-homing and on

the margin firms are unable to influence demand for a platform, the benefit from joining an

additional platform is larger than the cost of doing so. Therefore, any firm with quality αj > σk

is active on the platform k.

Next, consider the strategies of the incumbent. Here consider two cases, E[uI ] ≥ E[uE ] and

E[uE ] > E[uI ]. Since all firms join a platform if they are able to, E[uk] = 1+2σk
3 , and the mass

of consumers joining either platform is

nk =


5+12σk−4σ9k−4σ2

9k
18 if σk ≥ σ9k

(1+2σk)(5+2σk−4σ9k)
18 otherwise

and the profit of the incumbent is

ΠI =

r
(1−σI)(5+12σI−4σE−4σ2

E)
54 if σI ≥ σE

r (1−σI)(1+2σI)(5+2σI−4σE)
54 otherwise.
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Then

σI =


7+4σE+4σ2

E
24 if σI ≥ σE

4σE+
√

37−44σE+16σ2
E−4

6 otherwise

solves the incumbent’s problem.

Turning to the first stage of the game, the entrant maximizes its profit

ΠE =

r
(1+2σE)(1−σE)(23+8σE−4σ2

E)
324 if σI ≥ σE

r
(1−σE)(8−16σ2

E+
√

37−44σE+16σ2
E+4σE(20−

√
37−44σE+16σ2

E))

243 otherwise.

Then in equilibrium, σE and σI are

σE =

0.3113 if σI ≥ σE

0.3583 otherwise,

σI =

0.3597 if σI ≥ σE

0.3765 otherwise.

Note that if σE > σI , then there is a contradiction. Therefore, in equilibrium σE = 0.311

and σI = 0.360, which satisfy σk ∈ (0, 1). The profits of the platforms are ΠE = 0.0866r and

ΠI = 0.0911r.

Proof of Proposition 7. I search for an equilibrium in firm cutoff strategies. Recall that con-

sumers join the platform which provides them with the highest expected consumption utility

less cost of joining the platform, and purchase from the recommended firm.

Consider now the firms’ problem. First observe that firms are unable to unilaterally affect

demand with their prices. Therefore, a firm on either platform sets the price
αj−σk

2 . Now note

that a firm either joins no, one, or both platforms. Recall from Lemma 1 that on a given

platform higher quality firms obtain higher profits. This means that only firms with sufficiently

high quality are able to make enough profits to join both platforms. Let the cutoff of firms

that multi-home be α̃ such that all firms with quality above α̃ prefer to multi-home. Also from

Lemma 1, firms with quality below σk are inactive on platform k therefore it must be that for

any αj ≤ min{σI , σE}, these firms are inactive, and for any firm with quality αj ∈ (σ9k, σk]

where σ9k < σk these firms are only active on the platform 9k.

It remains to show which platform the firms with quality αj ∈ (σk, α̃] choose to join. When

choosing which platform the join, the firms evaluate the following: nk(1−r)
αj−σk∫

h∈Nk
αh−σk dαh

αj−σk

2

selecting the platform which provides it with the highest profit. Without loss of generality,

suppose that σk > σ9k and suppose there is a cutoff firm α ≥ σk such that all firms above join

the incumbent and those below do not. Since the profits of the incumbent is increasing in α,
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such firm must weakly prefer the incumbent,

nk
α− σk∫ 1

α αh − σk dαh

α− σk
2

≥ n9k
α− σ9k∫ 1

α̃ αh − σ9k dαh +
∫ α
σ9k

αh − σ9k dαh

α− σ9k
2

⇔ nk
(α− σk)2∫ 1

α αh − σk dαh

≥ n9k
(α− σ9k)2∫ 1

α̃ αh − σ9k dαh +
∫ α
σ9k

αh − σ9k dαh

⇔ X(α− σk)2 ≥ (α− σ9k)2, (6)

where X =
nk(

∫ 1
α̃ αh−σ9k dαh+

∫ α
σ9k

αh−σ9k dαh)

n9k(
∫ 1
α αh−σk dαh)

.

To show that the equilibrium in cutoff strategies exists, it must be that any firm with quality

αj > α does not prefer to switch from the incumbent to the entrant. To see this, consider the

following: suppose to a contradiction there exists firms of some quality α′
j ∈ (α, α̃) which

prefers to join the entrant instead. Note that such firm cannot unilaterally change the mass of

consumers joining the platform nor how other firms join the platform. Hence, if (6) holds, it

must be that the firm only switches if

(α′
j − σ9k)2 > (α′

j − σk)2X ⇔
α′
j − σ9k

α′
j − σk

>
√
X.

Note from (6) that
√
X ≥ α−σ9k

α−σk
, then it is only possible for

α′
j−σ9k

α′
j−σk

> α−σ9k
α−σk

⇔ α−σk

α′
j−σk

>
α−σ9k
α′
j−σ9k

which cannot be true because, by construction, σk > σ9k. Therefore, when (6) holds,

there is no profitable deviation for firms of α′
j quality.
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