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Abstract

Platforms that provide product recommendations to consumers, such as mar-
ketplaces like Amazon or online travel agencies like Expedia, govern a substantial
part of transactions in many markets. In addition to selling via platforms, most
firms, however, also operate a direct channel. This paper investigates how the
interaction between the platform channel and the firms’ direct channel affects plat-
form design and firms’ pricing incentives. We provide a rich game-theoretic model
in which platforms give recommendations to consumers about products with high
match value and facilitate consumer search, but charge sellers commission rates,
whereas sellers compete in prices to balance demand across both channels. We show
that the interaction between the channels gives rise to novel mechanisms that have
counterintuitive effects. First, higher platform fees induce sellers to prioritize their
direct channel—where consumers have lower expected match values and are thus
more price-sensitive—leading to lower equilibrium prices. Second, improvements in

recommendation quality can paradoxically reduce seller prices by intensifying the
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competitive pressure on the direct channel. Third, we show that for the platform,
the quality of recommendations and the commission rate are strategic substitutes,
that is, providing better recommendations should optimally be coupled with lower
commission rates. This occurs because both instruments have potentially negative
effects on seller prices. Finally, we evaluate recent policy interventions within our
framework. We find that fee caps and measures that facilitate transactions on the
direct channel can have unintended consequences and reduce consumer surplus by

distorting the pricing incentives inherent in the dual-channel structure.



1 Introduction

Recommendation platforms have fundamentally reshaped how consumers discover and
purchase products. From online travel agencies (OTAs) like Booking.com and Expedia
to food delivery apps like DoorDash and Uber Eats, these intermediaries create value by
aggregating supply and using recommendation algorithms to match consumers with their
preferred products. Yet, sellers rarely sell exclusively through them. Instead, most sellers
operate a “dual-channel” model: they sell via the platform to access new consumers and
benefit from algorithmic matching, while simultaneously maintaining a direct channel
(e.g., their own website or physical store) to serve existing or local customers without
paying commissions.!

This dual-channel reality creates a complex “frenemy” relationship. On one hand,
sellers rely on the platform’s superior discovery tools to reach more consumers. On the
other hand, when consumers increasingly use the platform for their purchases, sellers
pay commission rates—which often range between 15% and 30%—for a larger number of
transactions, which lowers their profits.? Despite the prevalence of this market structure,
our understanding of the economic forces governing the interplay between a platform’s
recommendation technology and its commission rates, as well as their effect on sellers’
prices, is mainly based on models in which transactions take place only on the platform.?
In those frameworks, conventional wisdom suggests that better recommendations lead to
better expected matches and, in turn, may allow sellers to raise prices. Similarly, seller
prices are typically considered to be increasing in the platform’s fees.

In this article, we show that the interaction between the platform channel and the di-
rect channel may overturn those standard intuitions. Specifically, we identify conditions
under which higher commission rates drive seller prices down, and a better recommen-

dation technology also compels sellers to lower their prices. In addition, we find that

'For instance, direct channel sales for hotels are significant. According to a recent report by the
European Commission, direct bookings in 2022 amounted to 42% of total bookings in the EU (European
Commission, 2023).

2This tension has recently intensified. For instance, major hotel chains have launched aggressive
loyalty campaigns to induce direct bookings, explicitly positioning them as a way to bypass OTAs (see,
e.g., Lighthouse Intelligence, 2024). Similarly, the restaurant industry has engaged in high-profile battles
with delivery apps, leading cities like New York and San Francisco to impose caps on commission rates
to protect restaurant margins (see Reuters, 2025).

3We provide a detailed literature overview in the next section.



the platform optimally lowers its fee as recommendation quality improves, which implies
that these platform instruments are strategic substitutes.

We consider a model with a continuum of consumers and differentiated sellers. Each
consumer has a “default” seller whose direct channel she can access. Additionally, con-
sumers use a platform to receive recommendations and search for alternative offers. From
a seller’s perspective, the platform provides access to consumers who have (on average)
higher match values than those in the direct channel because of the platform’s recom-
mendation technology. However, the platform charges a percentage fee on transactions
while direct sales are commission-free. Sellers operate under price parity, that is, they
must charge the same price across sales channels. Imposing price parity is optimal for the
platform in our model if enough consumers bypass the platform in case the on-platform
price is higher and consistent with real-world evidence on explicit or implicit price parity
enforcement (which we discuss at the end of Section 3).

Our first key result identifies a novel mechanism by which the platform’s commission
rate affects sellers’ prices—i.e., a price depression effect. When the platform raises its
commission rate, sellers retain a smaller fraction of the revenue from platform sales. As
a result, they become more focused on capturing demand in the commission-free direct
channel. Since demand in the direct channel is more elastic (because default matches
have on average lower values than algorithmic recommendations), the sellers’ optimal
response to a higher fee is to lower their product prices. Thus, contrary to the standard
pass-through logic, a rise in platform fees can actually benefit consumers.

We then examine how the platform’s recommendation algorithm affects sellers’ pric-
ing incentives. Improvements in recommendation quality have two opposing effects.
First, they increase the (average) match value for every transaction carried out on the
platform, thereby reducing the elasticity of platform demand. Second, they make buying
from a default seller comparatively less attractive, thereby increasing the elasticity of the
seller’s direct demand. We show that the net impact on seller prices depends on the level
of the commission rate. If fees are low, sellers prioritize the platform channel, and better

4

recommendations allow them to raise prices.” However, if fees are high, sellers priori-

tize the direct channel. In that case, better recommendations increase the competitive

4Using data from the hotel industry, Kaye (2025) finds that prices increase if recommendations
improve. This extent can be so large that consumer welfare falls.



pressure on default sales, inducing sellers to cut prices.

These mechanisms have profound implications for optimal platform design. We con-
sider an extended situation in which the platform endogenously chooses both its recom-
mendation quality and its fee. We find that the platform always invests in maximum
recommendation quality to raise transaction volume on the platform. However, because
high quality combined with high fees would depress seller prices—and thus commis-
sion revenue—too severely, the quality of recommendations and the commission rate are
strategic substitutes from the platform’s perspective: If the recommendation technology
improves, the platform optimally lowers its percentage fee to induce sellers to keep prices
high. This has interesting implications for the optimal management of a platform.

Finally, our model suggests that potential policy interventions that aim at protecting
sellers and /or consumers from the platform’s market power can have unintended conse-
quences. For instance, consider a binding cap on the platform’s commission rate. In this
case, sellers focus more on inelastic demand from platform consumers, which implies that
such a cap can lead to higher equilibrium prices, thereby hurting the consumers who the
policy aims to protect. Similarly, but in stark contrast to standard arguments, we find
that abandoning price parity clauses (which prevent sellers from offering lower prices on
their own websites) can weaken competition rather than foster it. The reason is that
without price parity, sellers charge a higher price on the platform to exploit the less elas-
tic demand from recommendations. This, in turn, relaxes the competitive pressure on
the sellers’ direct channel, and eventually implies that the direct channel price exceeds
the equilibrium price with price parity. Lastly, we study the effect of disintermedia-
tion. If more consumers buy the platform’s recommended product on the sellers’ direct
channel rather than on the platform, we find that prices increase. The reason is that
disintermediation makes the less elastic demand from recommendations more important
to sellers, which weakens the price depression effect.

The remainder of the paper is organized as follows: Section 2 discusses the related
literature. Section 3 sets out the model. Section 4 presents the analysis with exogenous
commission rate and recommendation quality. Section 5 determines the optimal platform
decisions. Section 6 presents extensions and the effects of different policies. Finally,

Section 7 concludes.



2 Related Literature

Our paper contributes to several streams of literature related to digital platforms.

Recommendations on platforms. First, there is a recent literature that studies how
platforms that provide recommendations to buyers shape market outcomes. Zhou and
Zou (2023) consider a model with competing sellers where a platform gives personalized
recommendations to consumers. They find that a profit-based algorithm creates com-
petition between sellers to be recommended, which yields a u-shaped equilibrium price
trajectory as profiling accuracy improves. In contrast, a price-neutral algorithm, which
excludes price data from ranking decisions, results unambiguously in higher equilibrium
prices and platform profits as accuracy rises. Zhong (2023) also finds that increasing
search precision (i.e., filtering out poor matches from search results) leads to higher
equilibrium prices. Because in his model consumers abstain from the platform if the
price is too high, he shows that the platform optimally filters out some high priced firms
to incentivize sellers to lower prices.”

Hagiu and Wright (2024) do not study recommendations but consider a model in
which consumers can discover a new product on the platform. The paper establishes a
trade-off between increased demand and lower seller prices due to competition if product
discoverability improves. They show that platforms may limit discoverability to protect

¢ Several other papers—e.g. Hagiu and Jullien

seller rents and ensure participation.
(2011), Casner (2020), Ke et al. (2025), and Janssen et al. (2026)—study the strate-
gic design of platform information environments and identify conditions under which a
platform biases recommendations or withholds information from consumers.”

Contrary to our analysis, this literature is not concerned with the interaction between
selling in the platform’s channel versus the direct channel, which is the focus of our paper.
We study this feature in a model where, in addition to personalized recommendations,

we allow for search on the platform, and show that improved recommendations can lower

®Several papers—e.g., Johnson (2013), Yang (2013), and Du and Ning (2025)—have studied the
effects of improving matches between firms and consumers, for instance, due to better targeting, in the
absence of a platform.

SHagiu and Wright (2020) find that platforms may prefer steering of consumers towards established
products or less consumer exploration of new products than sellers would individually choose. The
intuition is that this keeps sellers’ revenues, of which platforms extract a share, high.

"In the context of content platforms, Ke et al. (2022) highlight how recommendation algorithms
must balance interaction quality against content variety to maximize user engagement.



prices and erode seller margins by exposing the direct channel to more elastic demand.

Dual channels. Several papers, outside the context of recommender platforms, study
a structure in which firms can sell on the platform but also directly. The seminal paper
in this literature is Baye and Morgan (2001) who show that firms listed on a price search
engine, get more expected demand but are exposed to fierce competition. However, in
the presence of captive consumers who are not active on the search engine, firms obtain
positive profits.® Ronayne and Taylor (2022) allow for captive consumers also on the
search engine and for commission fees and establish a tension between within-channel
competition and between-channel competition.”

Another part of this literature has focused on the effects of “showrooming” (i.e.,
consumers use one channel to search but then buy in the channel with the lower price).
For instance, Wang and Wright (2020) consider a model in which consumers’ search costs
are lower on the platform, which however charges a per-transaction fee. They find that
a price parity clause to prevent showrooming tends to soften competition. Bar-Isaac
and Shelegia (2023) demonstrate that, while broad retailer variety attracts consumers,
it exacerbates showrooming incentives, forcing platforms to limit discovery.'’ Focusing
on the regulation of platform fees, Wang and Wright (2025) analyze fee caps in a setting
where firms sell both directly and on the platform, and consumers are heterogeneous
with respect to the benefit they obtain from purchasing on the platform. They derive an
“efficient fee” rule where the optimal cap exceeds marginal cost by the difference in seller
markups between channels. Gomes and Mantovani (2025) also study fee caps but focus
on platforms that impose price parity. They find that the optimal cap should reflect the
information externality the platform exerts on market participants.

We contribute to this literature by considering a platform channel that not only brings
consumers and sellers together, but actively makes recommendations to consumers. We

show how this affects the composition of demand across channels. As a result, we, for

8Galeotti and Moraga-Gonzélez (2009) consider a framework with differentiated goods, derive the
optimal platform fee, and show that intermediation leads to reduced seller margins.

9Bergemann and Bonatti (2024) consider a screening model in which firms choose price-quality
schedules, and a platform provides a recommendation to consumers who are active on the platform.
Some consumers are, however, not on the platform and search for products offline. Contrary to the
above frameworks and our model, Bergemann and Bonatti (2024) study the case in which firms can
offer different products on and off the platform.

19See e.g. Mehra et al. (2017) or Jing (2018) for models of showrooming in which brick-and-mortar
stores compete against online retailers.



instance, challenge the standard intuition that fee caps lower consumer prices, as such
caps may encourage sellers to focus on more inelastic platform consumers, leading to
higher equilibrium prices.

Platform Market Design. A growing literature examines how intermediaries strate-
gically set economic parameters—such as search frictions or revenue instruments—to
manage ecosystem value and capture rents. For instance, Dukes and Liu (2016) show
that intermediaries may optimally induce search frictions to soften price competition
between firms and extract higher fees. Teh (2022) analyzes how the platform’s fee in-
strument governs the number of active firms and thereby the value created for buyers
and sellers. Bar-Isaac and Shelegia (2025) study under which conditions a platform is
better off using an ad auction or an algorithm to rank sellers for consumers.

The received literature in management and economics has also discussed other plat-
form strategies. For instance, Jiang et al. (2011), Hagiu et al. (2022), Hervas-Drane and
Shelegia (2025), and Anderson and Bedre-Defolie (2024) study in different environments
the effects of platforms selling their own products that compete with third-party sellers.'!

In contrast to our paper, this literature does not consider a dual-channel structure.
We show that the presence of the direct channel fundamentally alters optimal platform
design. For instance, as the platform invests in superior matching technology, it para-
doxically chooses a lower optimal commission rate to prevent the competitive pressure

on the sellers’ direct channels from eroding market prices.

3 Model

In this section, we present our assumptions about sellers, consumers, and the platform.

We detail each type and start with sellers:

Sellers. There is a unit mass of sellers. A consumer’s valuation u for each seller
is distributed between [0,0]. Consumers’ match values are 4.i.d., which implies that
sellers offer differentiated products. We assume that, for each seller, u is distributed

with distribution function G(u) and strictly positive density g(u), where (i) g(u) is log-

11n this context, some authors have addressed the potential issue of self-preferencing (de Corniére
and Taylor, 2014; Zou and Zhou, 2025) and the question of how much the platform can or should use
third-party sellers’ data to develop its products (Madsen and Vellodi, 2024; Choi et al., 2025).



concave, which implies that the hazard rate g(u)/ (1 — G(u)) is monotonically increasing
in u, and, (ii) the elasticity of g(u) satisfies —ug'(u)/g(u) < 2, which implies that the
density is not falling ‘too’ steeply. Both assumptions are standard in the literature.
The first is fulfilled by many commonly-used distribution functions—e.g., the uniform
distribution, the normal distribution, or the extreme value distribution—and the second
is known to ensure equilibrium existence (e.g., Aguirre et al. (2010); Preuss (2023)).
Each seller ¢ charges a price p; for its product. Sellers have zero marginal costs
of production.'” However, a seller pays a percentage commission fee f € [0,1] to the
platform for every transaction that is carried out over the platform. This implies that
the seller can keep a share 1 — f of its revenue. In the baseline model, f is exogenous,
which follows e.g. Zhou and Zou (2023) and Eisfeld et al. (2025) and is in line with
current industry practice that commission rates are highly stable over time despite the
fact that platforms have experienced many changes.'® In Section 5, we study the case

in which f is endogenous and chosen by the platform.

Consumers. There is also a continuum (measure one) of consumers. Every consumer
obtains a recommendation from the platform, which gives the consumer information
about match value and price for one of the products. We explain the recommendation
technology in detail below. In addition, each consumer knows the match value and price
of one seller, which we denote the consumer’s default seller. This is reasonable as the
consumer may have come across the default seller’s product in the past—e.g., because
she discovered it online on the seller’s direct channel or found it in a physical store.
Default sellers are symmetrically distributed among consumers; that is, each seller has
the same number of default consumers.

In addition to obtaining the platform’s recommendation, consumers can also search
on the platform. To obtain information about any but the recommended firm’s product,
consumers incur a search cost s > 0. The other products are not ranked, and thus
consumers search them in random order. Recall is free so that a consumer can always

costlessly return to a product she has sampled previously and buy that product. This

12In Section 4, we discuss how positive marginal costs of sellers would affect our analysis.

3For instance, the commissions rates for most product categories have remained 15% on Amazon,
10% on eBay, and 5% on Tmall for years (see Zhou and Zou, 2023). Moreover, as pointed out by Jiang
and Zou (2020), a frequent change in the fee can lead to confusion and distrust of sellers, which is why
platforms usually announce a fee change months in advance before the change becomes effective.



also applies to the default and the recommended product. To guarantee equilibrium
existence, we assume that s is rather small. This also implies that there is active search
in equilibrium, i.e., consumers search with positive probability.'*

If the consumer buys a product with match value u at a price of p, her utility is
u — p minus any search costs she incurred. In case the consumer found on the platform a
product that gives her a higher net utility « — p than her default product, the consumer
buys the product via the platform. Instead, if her default product offers the highest net
utility, the consumer buys the product on the direct channel of the respective seller. In
Section 6.2, we relax the assumption that a product found on the platform is always

bought via the platform.

Platform and recommendation technology. There is a single platform that
generates value for consumers and sellers by providing product recommendations. The
recommendation technology is as follows: With probability , a consumer’s match value
u, for the recommended firm on the platform is u, = 6—i.e., the highest possible match
value—whereas with probability 1 — d, the match value follows the distribution of a

15

random firm, that is, u, ~ G(u) In other words, with probability § the platform
obtains very precise information about the consumer’s preferences and is therefore able to
recommend a product with the highest match value, whereas with the counter probability
1 — 4, the platform’s information about the consumer’s preferences is pure noise and it
recommends a random product. The parameter § therefore represents the quality of
the platform’s recommendation technology. We assume that § € [0, A], with A < 1, to
reflect that the platform faces a constraint based on available technologies and data.
The recommendation technology follows Rhodes and Zhou (2025) and can be micro-
founded as follows: The platform has information about each sellers’ match values—i.e.,
the match score v. With probability d, v is correct (that is, v = u), and with probability

1 — 6, v is noise. The platform recommends the seller that it believes has the highest

v. If the platform has correct information about a consumer’s preference, there is at

14This assumption is, however, not crucial. For instance, in case of uniform distribution, equilibrium
existence is ensured for any value of s > 0 (but low enough so that there is active search). A larger
value of s therefore implies that more concrete assumptions on g(u) are needed to ensure equilibrium
existence. See Appendix A for a detailed analysis.

15More precisely, we solve the model in the analysis section by assuming that, with probability d,
u, = @—¢, with € > 0, but € — 0. This simplifies the analysis because it allows us to apply differentiation
techniques. We provide more details in footnote 23.



least one seller who provides the consumer with the highest match value due to the fact
that there is a continuum of sellers. This implies that the platform’s recommendation
is u = 0. As sellers are symmetric, each one has the same probability to be the one
offering the highest match value. Instead, if the platform has no information about the
consumer’s preference, it cannot do better than recommending a random seller.'®

In the baseline model, we assume that the platform imposes price parity, that is, the
price charged by a seller on its direct channel must be the same as on the platform. This
is indeed common practice on most platforms (as we explain below in this section). In
Section 6.3, we examine the effect of relaxing this assumption and determine the effects
on profits and consumer surplus.

Given these assumptions, the (expected) payoff of the platform and that of a seller
are as follows: Denoting by p the vector of sellers’ prices, the platform’s payoff is
I piD}i)(p7 9)di, where D;(p, 9) is the amount of seller i’s transactions that takes place
via the platform. The payoff of seller i is (1 — f)p;D;(p,d) + p: Dj(p, 9), where Di(p, d)
the amount of transactions on seller i’s direct channel. In the next section, we will

explain in detail how D}(p,d) and D}(p,d) are formed.

Timing and solution concept. In the baseline model, the timing of the game
is as follows: In the first stage, each seller ¢ sets a price p; for its product, given the
commission rate f and the recommendation quality . In the second stage, nature draws
the consumers’ match values with sellers. In the third stage, each consumer receives
a recommendation from the platform and decides whether to buy the recommended
product (on the platform), the default seller’s product (on the seller’s direct channel),
search for additional products (and may buy one of them on the platform), or to exit
the market and not buy any product. Given consumers’ choices, payoffs are realized.

Because consumers search without knowing prices and match values, the solution
concept is Perfect Bayesian Equilibrium (PBE). We adopt the standard assumption
that consumers’ beliefs are passive: encountering an off-path price does not change a
consumer’s beliefs about other sellers’ prices. In the sellers’ pricing subgame, we restrict
attention to symmetric equilibria—i.e., equilibria in which all sellers set the same price.

After having derived the equilibrium in the baseline model, we analyze an extended

16Rhodes and Zhou (2025) consider a model with a finite number of sellers, which implies that the
highest match value is not necessarily 6.



model in which f and § are endogenous, that is, the platform chooses the commission
rate and the recommendation quality (Section 5). In this extended model, we also
allow sellers to decide whether to be active on the platform or not.'” In case a seller
is not active, it is not listed on the platform and therefore obtains demand only from
consumers for whom the seller is the default seller and who do not find a better match on
the platform. To obtain concrete results in this more complex framework, we consider a

uniform distribution of consumers’ valuations w in that case—i.e., u ~ U][0, 0].

Discussion of assumptions. Before solving the model, we discuss some of our
assumptions.

(1) Recommendation technology. As mentioned earlier, the recommendation technol-
ogy allows us to capture the quality of recommendations via the parameter o. This
parameter varies according to technological possibilities and data availability. For in-
stance, the use of Al-based instruments may improve the platform’s ability to predict
match values and thereby increase d, whereas regulatory restrictions regarding tracking
and storing of consumer data may limit that ability and thereby lower §.

In the model, the product recommended to a consumer is the best expected match
given the platform’s information.!® We show in Section 5 that it is indeed optimal for
the platform to recommend the best match to a consumer. In particular, the platform
does not want to recommend the product with the highest net utility (i.e., u — p) as this
would induce Bertrand competition between sellers.'”

We note that our modeling framework abstracts from factors that may lead to biased
recommendations. We also abstract from sellers paying the platform to be recommended,
which is considered in e.g. Armstrong and Zhou (2011), Inderst and Ottaviani (2012),
Teh and Wright (2022), and Janssen et al. (2026).%

(i1) Default seller. The existence of a default seller captures the possibility of each

consumer to buy outside the platform from a seller she already knows—i.e., through the

7In the baseline model, all sellers offer their products on the platform.
18]ts distribution first- and second-order stochastically dominates that of any other product.

9Because there is a continuum of sellers, a seller can only offer the highest net utility to a consumer
by demanding a lower or equal price compared to its rivals.

20The latter paper finds that the platform optimally displays the best possible match in the spon-
sored (first) position and allocates firms randomly across the remaining organic positions. Thus, their
equilibrium outcome is consistent with the set-up in our paper.

10



seller’s direct channel. To simplify the exposition and the analysis, we assume that the
distribution of valuations of the default seller is the same as that of a random seller. This
assumption is not crucial for the results. The analysis in the following sections shows
that our results would qualitatively also hold if the value distribution for the default
seller is different as long as it is in expectation below that of the recommended seller.

(i1i) Price parity. As many trading platforms impose price parity on sellers, we also
consider this scenario in our baseline model. For example, at Steam, the leading global
gaming platform owned by Valve Corp., a price parity clause is part of the standard
Steam Distribution Agreement (see Wolfire Games, 2023). In addition, many leading
online market places enforce price parity indirectly by providing unfavorable deals to
sellers that offer cheaper prices on other channels. For instance, Doordash allegedly
labels a restaurant as “Bad Value” or buries it in search results if its menu price on the
app is significantly higher than its in-store price, thereby enforcing a de facto price parity
(see Fideres, 2024, Restaurant Business, 2023a, or Restaurant Business, 2023b).%!

We consider the scenario without price parity in Section 6.3 and analyze the differ-
ences between the two cases. In that section, we also provide a model-based justification
for price parity. In particular, we consider an extended model in which consumers who
discover a product on the platform can also buy it on the seller’s direct channel. If the
platform does not impose price parity, sellers have the incentive to set lower prices on

their direct channel, which implies that consumers would not buy over the platform.

4 Analysis and Equilibrium

4.1 Consumer Behavior

To solve for the PBE, we apply backward induction and first determine optimal consumer
behavior. To do so, we characterize the consumer’s search rule in equilibrium. We then
use it to derive the demand of a seller when charging a price p, given that all other sellers

charge a price p*.

21Similarly, lawsuits by the FTC as well as European antitrust regulators allege that Amazon punishes
sellers who discount their products on other websites, by reducing the probability of being displayed
in the Buy Box (see Congressional Research Service, 2023 or Bundeskartellamt, 2025). Several major
travel booking platforms, including Expedia and Booking.com, engage in similar practices (see Medium,
2024 or HotelBuddy, 2025). See Hunold et al. (2020) for empirical evidence.
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Each consumer receives a recommendation from the platform and also knows the
match value of her default seller. Therefore, when deciding whether to continue searching
on the platform, a consumer already has information about two products. We can now
derive the consumer’s optimal search rule, following e.g. Wolinsky (1986) and Bar-Isaac
et al. (2012). Suppose a consumer obtains a (net) utility of y = u; — p; if she stops
searching and buys the product of seller j. In this case, she is indifferent between
receiving the incremental utility from sampling another seller —j at cost s > 0 and
consuming y if y satisfies E,_ [max{u_; — p* —y, 0}] = s, where p* denotes the price
she expects at any other seller she might visit. Solving for y yields y = r — p*, where r

satisfies

g
(1) / (u—7)dG(u) = s.

Thus, the value of continuing to search equals r — p*.

Accordingly, after inspecting
the product of any seller j (be it the recommended seller, the default seller, or any
seller inspected later), a consumer will continue to search and not buy from seller j if

u;—p; <r—p*. Notably, r < 0 for any s > 0. For instance, r = 1 —+/2s for G ~ UJ0, 1].

Given this search rule, we can now derive the demand of a seller. There are three
types of consumers from which a seller can obtain demand: (i) consumers to whom the
seller is recommended by the platform, (ii) consumers for whom the seller is the default
seller, and (iii) consumers who discover the seller through search on the platform. In

what follows, we explain the demand for each consumer type (given f and §).

Demand from Recommendations: The first source of demand comes from con-
sumers to whom a seller is recommended. As consumers’ valuations are i.i.d. across
sellers, each seller on the platform has ex ante the same probability of being recom-
mended to a consumer. If the seller charges a price p and all other sellers a price of p*,
the demand from these consumer types is

0

) Dy(p.p' f.6) = 6G@ —p+ )+ (1—0) / Glur — p+ )G (),

p—p*+r

where the subscript r indicates that integration takes place over the consumer’s match

value with the recommended seller. The first term represents the buying probability in

12



case the recommendation is perfect (which happens with probability ¢) and the con-
sumer’s net utility from the recommended product is larger than the net utility from the
default seller’s product—i.e., prob(f — p > ug — p*).?>»?> The second term represents the
buying probability in case the recommendation is noise. The consumer then buys the
recommended product if the net utility it provides is larger than, first, the net utility
from searching—i.e., u, —p > r — p*—and, second, the net utility the consumer obtains
from the default product—i.e., u, — p > ug — p*. The first condition leads to the lower
bound of the integral, and the second condition to the term in the integral.?*

We note that there is no “return demand” from any consumer, regardless of the
consumer’s type—i.e., a consumer to whom the seller was recommended, a consumer
for whom the seller is the default seller, or a consumer who discovered the seller via
search. That is, a consumer who decides to search after inspecting seller j’s product
never returns to buy from j later. The reason is that, whenever a consumer decides to
search, all products she has inspected so far must yield a net utility below » — p*. Since
there is an infinite number of remaining sellers that have a reservation value of r — p*,
she thus always prefers to continue searching over returning to a previous seller.

Demand from Default Consumers: Given an equilibrium price of p*, a seller’s
demand from its default consumers if it charges a price of p equals

0

(3)  Dalp.p", 1.6) == 6(1— G(p—p" +0)) + (1) / Glug — p+ p)AG (ug),

p—p*+r

where, as above, the subscript d indicates integration over the consumer’s match value
with her default seller. The term 1 — G(p — p* + 0) is the demand from consumers who
receive a perfect recommendation but the net utility from buying the default product

is still larger, that is, uq — p > 6 — p*.?> The second term of (3) represents, as above,

*?Note that if the match is perfect, the consumer will never continue searching since r — p* < 0 — p
for p in the vicinity of p* because r < 0 if s > 0.

23 As mentioned in footnote 13, to apply differentiation techniques, we assume that the recommen-
dation is almost perfect—i.e., it is equal to § — e—which implies that G(6 — ¢ — p + p*) < 1 for p close
to p*, and let € — 0 after taking derivatives. We, however, present the formulas without € to simplify
the exposition.

24 As explained in the previous section, due to symmetry of sellers, each seller is recommended to a
mass one of consumers, which implies that (2) is the demand each seller obtains from recommendations.

25This probability is strictly positive for p slightly below p* if the default product provides a (gross)
utility close to 6.
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the buying probability in case a consumer’s recommendation is noise. In that case, the
consumer prefers to buy from the default seller instead of searching if ug —p > r — p*,
which leads to the lower bound of the integral, and, within this relevant range of uy4, the
consumer prefers the default seller’s offer (uq — p) over the recommended seller’s offer
(u, — p*) with probability G(uq — p + p*). This explains the integrand.

Demand from Search: Finally, a seller also receives demand from consumers who
search on the platform as they were not sufficiently satisfied with both the recommended
and the default product.

To derive this demand, note first that, as explained above, a consumer only searches
if the recommended firm is not a perfect match,?® which occurs with probability 1 — J.

Second, a consumer only decides to search if r — p* is larger than both (i) ug — p* and

*

(ii) u, — p*. The joint probability of this event is given by G(r)?. This implies that
the probability that a consumer searches an additional firm (beyond seeing the default
and the recommended firm’s offer) is (1 — 6)G(r)?. The consumer then buys from the
first (searched) seller with probability prob(u —p > r —p*) =1 — G(r — p* + p). The
probability that the consumer does not buy from the first seller she found and instead
continues to search is prob(u — p* < r — p*) = G(r), given that all sellers charge the

same price p*. Thus, the expected measure of consumers searching a second seller is

(1 —6)G(r)3. Overall, this implies demand from “searching consumers” is

Dy(p,p*, f,0) := (1 —0)G(r)? (1 +G(r) +G(r)?* + ) (1-Glp—p +r) =

G(r)’

=09 em

(1-=G(r—p"+p)).

Because there is a measure one of consumers and a measure one of sellers, each individual

seller’s expected demand from searching consumers is equal to the expression above.

26This is because the (expected) price of any firm she might discover is the same as the recommended
firm’s price.
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4.2 Equilibrium Seller Price

When setting the optimal price p, a seller considers demand from all three sources ana-
lyzed above. If demand is of the first or third type, then trade occurs on the platform,
which takes a share f of the revenue. To ease the notation, we define a seller’s “adjusted”

demand as D(p7p*7f7 5) = Dd(p7p*7 f’ 5) + (1 - f) [Dr(p7p*7 f7 5) +Ds(p7p*7 f? 5)} Each

seller’s problem is then given by

max p D (p,p*, f,90).

The first-order condition of this problem together with the fact that p = p* in equilibrium
implies that p* is implicitly characterized by p*%ﬁ’m + D(p*,p*, f,0) = 0. Taking
the derivative of D(p, p*, f,d) with respect to p yields

2-n(0-0 [ G- <é>) -0 —f><1—6>1f(—§j@g<r>,
where we use ffg(u)g(u)du = g(0) — g(r) f G(u)g'(u)du. Further note that a

seller’s total adjusted equilibrium demand D(p 05 1, 5) can be simplified to

(1-6 /G du+(1—f)[5+ (1-3 /G (w)du + (1 — 5)G()?
4) =1- gf(l +0+(1- 6)G(r)2>,

where we use ff G(u)g(u)du = ﬂ Using these formulas, we obtain a closed-form

expression for the unique symmetric equilibrium price:*

. 1——f<1+5+(1—5)G(r)2) )

28

(1= 7)1 =0)Ee500r) ~ 2 = ) (1= 9) [ Glulg (w)du - o6)

Note that the commission rate f has an effect on the equilibrium price despite the

2TWe show equilibrium existence in Appendix A—i.e., under the assumptions on G(-) stated in
Section 3, no seller can profitably deviate from charging p* if search costs are sufficiently small. We also
show that if G(-) is uniformly distributed, an equilibrium exists for any level of s.

28In the proof of Proposition 1, we show that the numerator and the denominator in the expression
for p* are strictly positive.
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fact that sellers’ costs are zero. With zero costs, a commission rate is usually equivalent
to a profit tax and therefore does not have an effect on optimal pricing. However, in
our model, only a part of the seller’s revenue accrues via sales on the platform. The
remaining profit is due to sales on the direct channel. Since a seller receives these profits
in full and must charge the same price on both channels, f has an effect on p*.

We now discuss how the equilibrium seller price changes with the platform’s commis-

sion rate and its recommendation quality. We start with the former:*
Proposition 1. The equilibrium seller price p* falls in f.

The intuition behind this, perhaps counterintuitive, result lies in the interaction
between a sellers’ sales via the platform and the sales through the direct channel. An
increase in the commission rate f implies that sellers earn a relatively larger share of their
profits from sales in the direct channel. However, the valuations of consumers who buy
via the direct channel are lower in expectation than those of consumers who buy on the
platform. This occurs because, first, the platform provides recommendations that yield
the highest match value with a strictly positive probability, and, second, consumers can
search on the platform to obtain products with better matches than the default product.
As a consequence, demand on the direct channel is more elastic. As this channel grows
in importance, sellers have the incentive to lower their prices.

It is important to note that we obtain this clear-cut result because we assumed that
marginal costs of sellers are zero. With (strictly) positive marginal costs, there would be
a countervailing effect: If the platform’s commission rate increases, sellers keep a smaller
share of their revenue but still incur their marginal costs in full. Therefore, they have
the incentive to increase their prices. This is the well-known effect that the platform fee
is passed through to consumers to some extent. Which effect dominates depends on the
elasticities in the different channels and the size of sellers’ marginal costs. For instance,
by continuity of the model, the price depression effect still dominates if marginal costs
are positive but sufficiently small. We abstracted from marginal costs in the model to

bring out our novel effect in the clearest way.*’

29The proof of this and the next proposition can be found in Appendix B.

30We also note that if the platform takes a profit share instead of a revenue share from sellers, our
result continues to hold even with positive marginal costs. This is because the platform’s fee is not
passed through on prices in equilibrium if said fee represents a profit tax.
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We also note that our result is related to the Edgeworth paradox in multi-product
monopoly, first established by Edgeworth (1925) and studied in more detail by e.g.
Hotelling (1932) and recently by Armstrong and Vickers (2023). The Edgeworth paradox
states that a rise in the tax of one product can induce a multi-product monopolist to
reduce the prices of all products.®® This occurs because the monopolist then optimally
increases its supply of other products by reducing their prices, which can also have a
price-reducing effect on the product that is taxed. The similarity to our model is that
an increase in f raises sellers’ costs in one channel (i.e., the platform’s), thereby making
the other channel (i.e., the direct one) relatively more profitable. In contrast to the
Edgeworth paradox, in our case, however, sellers are restricted to set a single price. The
price reducing effect then occurs because the elasticity in the direct channel is larger.

We can also determine how the quality of recommendations and the search costs
affect the result that p* falls in f. First, the effect amplifies if 0 rises, that is, dp*/0f
becomes more negative. The reason is that the gap between demand on the platform
and demand in the default channel gets bigger as ¢ increases. Second, dp*/0f also falls
(increases in magnitude) in the search costs. This is because competition is dampened if
search costs rise, which implies that p* is higher, and the effect of f on p* then becomes

larger in size.

We next determine how a change in the recommendation quality affects the sellers’

equilibrium price.

Proposition 2. There exists a unique threshold value f € (0,1) such that p* decreases

in o if and only if f > f

The intuition behind this result is as follows: An increase in the platform’s quality
of recommendations has two effects. First, the advantage (i.e., the difference in match
value distributions) of a recommended seller increases. Demand from recommendations
thus becomes less elastic, which reduces sellers’ incentives to lower their prices. Second,
by the same token, an increase in ¢ leads to a stronger disadvantage for default sellers
relative to recommended ones. This effect is the opposite to the first one and implies

that default demand becomes more elastic, thereby inducing sellers to set lower prices.

31D’ Annunzio and Russo (2025) show that the Edgeworth paradox can also arise with an ad valorem
tax and not only with a unit one.
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If the commission rate is sufficiently large, sellers assign little weight on demand from
recommendations (or search) because they can only keep a fraction 1— f of each sale. The
relative weight of default demand is then large, which makes the second effect described
above the dominant one. In other words, if f is large, the fact that an increase in 9 leads
to a greater disadvantage for default sellers matters most, leading to a reduction of the
equilibrium price as § increases.

Therefore, the effect that the equilibrium price and the platform’s recommendation
quality move in opposite directions is again inherently due to the interaction of the direct
channel with the platform’s channel. In fact, if sales could only be processed via the
platform, an increase in d would unambiguously lead to an increase in sellers’ prices.

Finally, it is worth noting that an improvement of the recommendation technology can
thus have a different impact on consumers than a reduction in search costs, although both
measures allow consumers to find better products. In particular, a reduction in search
costs always benefits consumers, because, first, consumers search more and therefore
buy products with a higher match value in expectation, and, second, sellers face tougher
competition and therefore set lower prices in equilibrium. Instead, receiving better rec-
ommendations leads to higher seller prices if the platform’s fee is sufficiently low.** This
effect may dominate the effect that consumers buy a product with a higher match value,

which implies that consumer surplus may fall as recommendations get better.

5 Platform Optimization

In this section, we analyze the optimal choices of the platform. As explained above, we
consider an extended model in which the platform endogenously chooses the commission
rate f and the recommendation quality §. This allows us to understand the interplay
between the platform’s monetization strategy and its technological investment.

We also allow sellers to decide whether to be active on the platform or not. If a
seller does not join the platform, it is not listed in the search results and cannot be

recommended. Consequently, an off-platform seller is only considered by consumers for

32Indeed, the platform’s optimal fee f* that we derive in the next section can be such that f* > f ,
which implies dp* /96 < 0. There, we show that this occurs for small values of ¢. In addition, we can
show that it also holds if search costs are sufficiently small.
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whom it is the default seller. These consumers, however, still have access to the platform,
which implies that they receive recommendations for other (on-platform) sellers and may
search for alternative products on the platform.

To facilitate the analysis, we assume throughout this section that consumers’ match
values are uniformly distributed between 0 and 1, i.e., G(u) ~ U[0,1]. In line with
the previous section, we also assume that search costs are not prohibitive, specifically
s < 1/8, which guarantees that there is active search by at least some consumers in

equilibrium for any f and any d—i.e., r > p*.

Timing and Seller Participation. The timing of the extended game is as follows:
1. The platform chooses the commission rate f € [0, 1].

2. Each seller ¢ decides whether to join the platform and sets its product price p;.**
3. The platform chooses the recommendation quality 6 € [0, A], with A < 1.

4. Consumers receive recommendations and make purchase decisions.

This timing reflects that commission rates are usually rather long-term decisions
of platforms as they are rarely changed over time to provide sellers stable conditions
and a degree of certainty. Sellers therefore base their decision of whether to become
active on the platform on these rates and set their prices accordingly. By contrast,
the recommendation quality of a platform varies with technological progress—e.g., the
ability to form predictions from large amounts of data—and the possibilities to collect
(or buy) data. Moreover, it is difficult to verify and contract upon a fixed level of
recommendation quality. We therefore consider a timing in which the platform cannot
commit to its recommendation quality choice before sellers make their decisions, that is,
0 is chosen after sellers decide whether to become active on the platform and set their
prices.

As explained above, to reflect that technological possibilities are limited, we assume
that the platform can set ¢ only up to an upper bound, denoted by A. This upper bound
is below 1, which implies that a perfect recommendation technology is not available.

We solve the game by backward induction.

331f a seller is indifferent between joining or not, we assume that the seller joins the platform.
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Stage 4: Purchase Decisions. In the fourth stage, the platform’s recommendation
quality and commission rate as well as the sellers’ prices are already determined. As we
will show below, it is a dominant strategy for each seller to join the platform; hence, in
equilibrium, all sellers are active on the platform. Therefore, on the equilibrium path,
the fourth stage plays out in the same way as in the baseline model. That is, consumer
demand is unchanged relative to the baseline model for given ¢, f, and seller prices.

Stage 3: Recommendation Quality. In the third stage, the platform’s profit on
the equilibrium path equals the probability that consumers purchase on the platform
multiplied with fp*.** The platform then solves the following optimization problem:

(1+64(1—8)G(r)) fp'

1
§) —
o AR 2

where the expression for the demand follows from (4)—i.e., the second term in (4) rep-
resents the volume of all transactions conducted via the platform multiplied by the com-
mission rate. Since G(r) < 1 for any strictly positive level of search costs, the expression
in (6) is strictly increasing in ¢, which implies that the optimal recommendation quality
is 0 = A. Intuitively, for given commission rate and seller prices, a higher § increases the
probability that the consumer buys the recommended product and, conversely, lowers
the probability that the consumer buys the default product via the seller’s direct channel

(in which case the platform would obtain no revenue).*

Stage 2: Seller Participation. In the second stage, sellers observe f and decide
whether to join. We show that all sellers joining the platform is the unique equilibrium
outcome.

Consider the decision of an individual seller taking the behavior of other sellers as
given. If the seller remains off the platform, it acts as a monopolist over its default
consumers who do not find a better match on the platform. Because consumers receive
recommendations and can search on the platform regardless of whether their default

seller is present, the seller’s “off-platform” demand is identical to the demand it would

34Tn principle, we would need to derive the platform’s optimal strategy for all subgames (i.e., including
those in which sellers set different prices). However, since we focus on symmetric equilibria, which we
have shown in Section 4 to exist for all values of §, we confine the exposition to cases in which all sellers
choose p = p*.

35We note that because of this argument, setting 6 = A would still be optimal for the platform even
if sellers would charge different prices.
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receive from default consumers if it was on the platform. By joining the platform, the
seller retains access to default consumers—paying no fee on these direct sales—but gains
two additional sources of demand: consumers to whom the seller is recommended, and
consumers who discover the seller via search. Importantly, joining the platform does not
constrain the seller’s pricing flexibility. A seller can always join the platform and maintain
its optimal off-platform price. Doing so yields strictly positive additional profit via the
36

platform channel for any f < 1 without reducing the profit from default consumers.

Therefore, joining the platform is a dominant strategy.

Stage 1: Optimal Commission Rate. Anticipating that 6 = A and that all

sellers join, the platform sets f to maximize its revenue:

(7) max

felo.1) % (I+A+(1=2)G)?) fp(f,4).

As shown in the baseline analysis, p* falls in f. This price depression effect occurs
because a higher fee forces sellers to rely more on their fee-free direct channel where
demand is more elastic than on the platform. Consequently, the platform faces a trade-
off: a higher fee increases the revenue per transaction but induces sellers to lower the
equilibrium price p*. The optimal commission rate is then determined by the first-order
condition of the maximization problem in (7), in case the resulting rate is below 1, or
by f* =1, in case the rate from the first-order condition exceeds 1.

We can now take stock and state the optimal choices of the platform and the sellers:*”
Lemma 1. In the unique subgame perfect equilibrium:
(i) The platform sets a recommendation quality §* = A.
(11) All sellers join the platform.

(i1i) The platform sets a unique optimal fee f*, which is given by the minimum of the

fee that maximizes (7) or 1.

36For f = 1, sellers are indifferent between being active on the platform or not, and, by our assump-
tion, then join the platform as well.

3"The proof of this lemma as well as the proofs of the following two propositions can be found in
Appendix C.
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A closed-form expression for f*, which we rely on for the subsequent analysis, is
presented in the appendix. We next turn to the central question of this section: How does
the platform’s technology (A) affect its optimal commission rate (f) and the resulting

seller prices (p*)?

Proposition 3. The equilibrium commission rate f* is decreasing in the maximum rec-

ommendation quality A.

The intuition for this result lies in how the recommendation quality alters the elastic-
ity of demand. An increase in A widens the gap between the relatively inelastic platform
demand and the more elastic direct demand and thus exacerbates the afore-mentioned
price depression effect. If the platform were to maintain a high fee in case A is large,
sellers would face a strong incentive to lower their prices to raise demand in the di-
rect channel. The “cost” to the platform of raising its fee—measured by the resulting
drop in the equilibrium seller price—therefore increases as A improves. To mitigate this
and support a higher overall price level, the platform optimally lowers its commission
rate. In essence, the platform monetizes its superior technology by enabling higher equi-
librium prices rather than by claiming a larger share of the revenue. Therefore, due
to the interaction between the platform channel and the direct channel, a platform’s
recommendation quality and its commission rates are strategic substitutes.

Finally, we analyze the net effect of the recommendation quality on the equilibrium

seller price, accounting for the endogenous adjustment of the fee.

Proposition 4. There exists a unique threshold A € (0,1) such that the equilibrium

price p* decreases in A for A < A and increases in A for A > A.

Intuitively, the impact of A on prices is driven by two opposing forces: a direct effect
and an indirect effect. The direct effect dominates when A is small. In this region, the
platform’s optimal fee is high. With such a high fee, sellers obtain their profits almost
entirely from the direct channel. As A improves, sellers lower their prices to retain
demand from the consumers who buy via the direct channel, as these consumers are
more profitable. The indirect effect dominates when A is large. As shown in Proposition
3, a higher A induces the platform to lower f*. A lower fee reduces the burden on

platform sales, causing sellers to pivot their focus toward the more inelastic demand
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provided by the recommendations. This shift allows them to raise prices. Consequently,
the price exhibits a u-shaped pattern: it initially falls as the direct channel weakens,
but eventually rises as the platform cuts fees to capitalize on its superior matching
technology.*®

Lastly, we analyze numerically how the platform’s profit changes in the recommenda-
tion technology A. The respective result is depicted in Figure 1. There is also a u-shape
relation between recommendation quality and platform profit. This is consistent with
previous results: If A is rather low and increases, the equilibrium price decreases (Propo-
sition 4). At the same time, the fee decreases (Proposition 3), and so the platform must
be strictly worse off. Instead, if A is large, sellers put a lot of weight on the less elastic
demand from recommendations. This is because in this situation the fee is relatively low
and total demand from recommendations is high. As A increases further, sellers thus

raise their prices, which ultimately benefits the platform as well.
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Figure 1: Platform’s profit as a function of A (s = 1/20).

6 Extensions and Policy Implications

6.1 Fee Capping

We first discuss the consequence of a cap on the commission rate. For instance, during
the pandemic, New York City administrators became increasingly concerned about the

high commission rates restaurants had to pay to platforms such as Grubhub or Doordash.

38In light of Proposition 4, the finding in Kaye (2025) that the price increases with better recom-
mendations suggests that in the context of the hotel recommendation platform Expedia, the quality of
recommendations is already quite high.
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In response, they implemented a commission rate cap, which is still in place today (all
combined fees are capped at 23 percent). We can determine how platform fee caps affect
sellers, prices, consumers, and the platform within the confines of our framework.

Let f¢ denote the fee cap and recall that f* denotes the optimal fee without regula-
tion. Building on the fact that the equilibrium price of sellers (p*) falls in the commission

rate for any A > 0, we directly obtain the following result:

Proposition 5. Consider a cap f¢ < f*. Implementing such a binding fee cap (i)

reduces consumer surplus, (ii) reduces platform profits, and (iii) raises sellers’ profits.

Intuitively, any decrease in f induces sellers to place less weight on the demand
they receive in the direct channel—i.e., from their respective default consumers—and
more weight on the demand from the platform’s channel—i.e., from consumers who buy
according to the platform’s recommendations or from finding the seller on the platform.
For any A > 0, the demand in the direct channel is more elastic, which implies higher
seller prices in equilibrium as f decreases. Claim (i) follows immediately from this
observation. Claim (ii) follows by revealed preference.”” Finally, sellers benefit twofold
because a binding fee cap increases both the equilibrium price and the share that sellers
receive of each transaction on the platform. This implies claim (iii). Overall, these
results suggest that implementing a binding fee cap can effectively raise sellers’ profits

but harms consumers.

6.2 Disintermediation

We next study the consequences of showrooming or disintermediation—i.e., the possibil-
ity of consumers to complete their transactions via a seller’s direct channel even if they
discovered the seller via the platform. For instance, the European Union’s Digital Mar-
kets Act emphasizes that consumers should be allowed to directly trade with third-party
providers and thus be able to bypass the gatekeeper on which the match is discovered.
In the baseline analysis, we have assumed that any product a consumer discovers
via the platform (through recommendation or search) is purchased via the platform,

requiring the seller to pay a commission rate. In this section, we relax this assumption.

39Note that forcing the platform to set a lower fee has no impact on the optimal choice of §, as the
platform sets ¢ as high as possible (6* = A) regardless of the value of the fee.
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Specifically, we assume that only a share 0 < v < 1 of consumers buy the product via
the platform (if it was discovered on the platform), whereas the remaining share 1 — ~y
purchases the product on the seller’s direct channel. (In the baseline model, v = 1.) A
lower ~ then implies that disintermediation or showrooming becomes more important.

In that case, a seller’s problem is given by

max p(Dd(p,p*, f,0) + (1 =) [D:(p,p*, f,6) + Ds(p,p*, f,0)]

(L= P [Dopsp" £,0) + Do . 6)}),

and the platform’s problem (given that all sellers set p = p*) is*®

H}%X /Yfp*[Dr(p*vfu(D+Ds(p*7f75>]

)

As we show in Appendix D, the two maximization problems are isomorphic to the main
model, but with f being replaced with vf. In other words, as the platform obtains the
commission rate only in a percentage « of transactions compared to the main model, the
effective rate is now ~ times the nominal rate f. Since the structure of the problems is
unchanged, the model can be solved in the same way as above. This implies that the
platform again sets 6 = A because it benefits from improving recommendations as this
shifts additional transactions to the platform, thereby raising its revenue.

We first determine how the share of consumers who purchase via the platform affects

the optimal commission rate.*!
Lemma 2. The optimal commission rate f*(v) is weakly decreasing in .

The intuition behind this result is as follows: The platform aims to implement the
optimal effective commission rate on the transactions carried out on its channel. When
disintermediation is high, that is, v is low, the platform is constrained: even setting
the maximum commission rate (f = 1) yields an effective rate below the target. As

v increases, the constraint relaxes. If v is sufficiently high, the platform can achieve

40The timing is the same as in Section 5, that is, the platform sets its commission rate f in the first
stage and its recommendation quality ¢ in the third stage, where sellers choose their prices in the second
stage.

I The proof of this lemma and the next four propositions can be found in Appendix D.
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the target by lowering its nominal commission rate proportionally to the increase in 7,
thereby keeping the effective burden on sellers constant.
We next determine how this result affects the relation between v and the equilibrium

seller price:
Proposition 6. The equilibrium price p*(y) is weakly decreasing in .

Intuitively, a higher v means less disintermediation, which implies that more con-
sumers who buy a recommended or a searched product do so via the platform (rather
than the seller’s direct channel). Thus, sellers are more likely to pay a commission rate.
This, in turn, implies that sellers focus less on the profits they obtain through sales on
the platform, and instead put more weight on profits from the direct channel. As con-
sumers in the latter channel have lower expected match values, sellers overall set lower
prices.

The result implies that consumer surplus can increase in 7 when such an increase
causes the equilibrium price to drop. Put differently, disintermediation can lower con-
sumer surplus.

We lastly turn to the effect of disintermediation on platform profits.
Proposition 7. The platform’s profit I1*(y) is weakly increasing in ~y.

Given the preceding discussion, this result is intuitive. An increase in 7 leads to
an increased number of transactions carried out via the platform. If the platform is
constrained to an effective fee below its (unconstrained) optimum, an increase in -y
relaxes this constraint, thereby allowing the platform to bring the effective fee closer to
the revenue-maximizing level. This increase in the effective fee raises total profit, even

though it simultaneously depresses the equilibrium price.

6.3 Abandoning Price Parity

Finally, we relax the assumption of price parity and consider the case where sellers can
set different prices in the direct channel (pg) and the platform channel (p,). A share ¢
of consumers are “switchers” who are always able to identify and choose the lower price
offered by a seller. The remaining share 1—¢ of consumers are ‘non-switchers.” Following

the specification in the baseline model, non-switchers wanting to buy the recommended
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product or a product found via search make the purchase via the platform at the platform
channel price. (In the baseline model, ¢ = 0.)

Furthermore, both switchers and non-switchers wanting to buy from their default
seller can do so at the default seller’s platform channel price p, or the default seller’s
price in the direct channel p;. To be consistent with the baseline model, switchers and
non-switchers buy via the default seller’s direct channel for all pg < p,.

We note that this structure implies pj < p; in equilibrium. To see why, suppose
toward a contradiction that pj > pj. If pj > pj, no consumer will buy via the direct
channel. If a seller then changes its direct channel price to p); = py, it obtains strictly
higher profits. Next, consider pj = p;. Then, a seller may raise its platform channel price
by an arbitrarily small amount € > 0. As a result, all switchers wanting to buy from
a seller discovered on the platform would buy via the deviating seller’s direct channel.
Since the seller pays no commission rate for sales completed via the direct channel, the

deviation is strictly profitable.

Consumer Behavior. The search behavior depends on the consumer type. Since
Py < Pj, switchers anticipate paying the lower equilibrium price pj for any product. Thus,
their search behavior is governed by the reservation utility » — p;, where r is defined by
(1), i.e., ff(u —r)dG(u) = s. Non-switchers, however, anticipate paying p; for products
discovered on the platform and p} for their default option. Their search on the platform

is therefore governed by the reservation utility r — py.

Seller Profits and Equilibrium. A seller maximizes total profits by setting its
direct price pg and platform price p,. The total profit is the sum of profits in the direct
channel (II;) and the platform channel (II,).

The direct channel profit comprises purchases of switchers (who pay pg and generate
no commission rate) and purchases of non-switchers from their default seller (who also
pay pq). Consider a seller setting a price p in the direct channel, whereas other sellers

set (pj, py)- The resulting profit of the direct channel is then

(8) Ha(p;¢) =p|d-as(p.py) + (1 — @) - qans(p;p,)|-

Here, gs(p,p);) denotes the total demand from switchers (default, recommended, and
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search).” As switchers compare p against pj;, this demand structure is identical to the
total demand D(p,p* = pj, f = 0,0) in the baseline model. Demand from non-switchers
is limited to default consumers and denoted by gans(p,p;). Note that gins(p,p;) is
identical to the default demand D, in the baseline model—i.e., (3)—where the own price
is p and the price of rival sellers on the platform is pj.

Conversely, the platform channel profit stems only from non-switchers who discover
the seller on the platform. A seller setting a platform price p obtains a profit in the

indirect channel equal to

9) IL(p; ¢) = (1 — f)p(1 — &) |arns (0. 03 D)) + ds,vs (0, P 1) |

where ¢, vs and gs ys are the recommended and search demands from non-switchers,
respectively. Non-switchers compare the platform price p against the price in the default
seller’s direct channel pj; and the search reservation price r —p;. The respective demands
are then characterized by

0

Govs(p. P pt) = 6G(F — p+ pl) + (1—5) / Gy — p+ pl)AG(u,),

r—p;+p
G(r)

1——G(r)(1 —G(r —p, +p)).

qs,Ns (P Py Py) = (1 = 0)G(r — pp, + pg)

Notably, the structure of these demand functions is identical to those in D, and D, from
the baseline model. The equilibrium prices (pj(¢), p;(¢)) are characterized by the system

of first-order conditions derived from (8) and (9).

Equilibrium Analysis for ¢ — 1. The characterization for a general ¢ is complex.
We therefore focus on the limiting case where the share of consumers being able to switch

to the lower-priced direct channel approaches 1.

Proposition 8. Suppose ¢ — 1. Then,
(1) the equilibrium price in the direct channel p} converges to the equilibrium price p* of
the baseline (price parity) model with f = 0;

(i1) for any f > 0 in the baseline model, the equilibrium prices without price parity (i.e.,

42To avoid confusion with the demand notation D used in the baseline model, we denote demands
in this section by q.
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py and py) are higher than the equilibrium price with price parity (i.e., p*).

The economic intuition for the first statement is rather straightforward. As the
share of switchers approaches 1, virtually all transactions (including those based on
recommended and searched products) occur via the direct channel. A seller’s demand
in the direct channel thus converges to the adjusted demand in the baseline model for
the case f = 0. Because essentially all consumers compare the seller’s price against pj
as ¢ — 1, the structure of the optimization problem is also equivalent to that analyzed
in the baseline model. The resulting equilibrium price then also converges to the one of
the baseline model with f = 0.

The second statement then follows from the first, making use of Proposition 1, which
states that the equilibrium seller price with price parity is strictly decreasing in f. There-
fore, for any strictly positive f, the price that any consumer pays with price parity is
strictly lower than without.*> The intuition why prices are generally higher without
price parity is that sellers now charge a higher price on the platform to extract part of
the surplus that is generated by recommendations. This differs from the case with price
parity where the uniform price needs to be optimal given demand across all channels,
including the more elastic demand in the direct channel. Notably, the increased platform
channel price then also relaxes the competitive pressure in the direct channel since the
recommended products are more expensive. As a result, even the direct channel price is
now higher than the equilibrium price in the baseline model with price parity.

For tractability reasons, we have shown the result for ¢ — 1. However, we performed
several numerical simulations for the case in which ¢ is smaller than 1 and found similar
results. Specifically, p} falls as ¢ decreases and may be lower than p* of the baseline
model for f > 0. Instead, pj is always larger than p*. However, as ¢ falls, the share
of consumers buying via the platform and therefore paying the higher price, increases.
While in general the comparison with respect to the average price per transaction is
ambiguous, as long as ¢ is sufficiently high, consumers pay a higher price without price

parity than with price parity.

Platform Preference for Price Parity. Finally, we compare the platform’s profits

43The argument readily implies that py > p* for all f > 0 in the baseline model. Moreover, as
explained above, p; > pj.
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in the regime without price parity analyzed in this section with the baseline model with

price parity.

Proposition 9. If the commission rate is strictly positive and the platform generates
positive demand, there exists a threshold ngS < 1 such that the platform strictly prefers

price parity over no price parity if ¢ > ng

This result highlights a crucial motivation for platforms to impose price parity clauses.
If a large fraction of consumers are adept at finding the lowest price (high ¢), allowing
price differentiation enables sellers to strategically set lower prices in their direct channels
(ph < p;), where they avoid the commission rate. This leads to significant showrooming—
i.e., consumers use the platform for discovery but complete the transaction off-platform.
If this showrooming is particularly severe, the platform cannot monetize its services ef-

fectively. It therefore prefers to implement price parity to avoid such consumer behavior.

7 Conclusion

This paper investigates the strategic interplay between platform design—i.e., a platform’s
recommendation quality and its commission rate—and seller pricing in case consumers
can purchase via the platform or via a seller’s direct channel. Our analysis reveals that
the sellers’ incentive to balance demand in the two channels gives rise to mechanisms
that are fundamentally different from common wisdom.

Specifically, we identify a novel price depression effect. Because consumers on the
direct channel have, on average, lower match values than those receiving algorithmic
recommendations, demand in the direct channel is more elastic. When platforms raise
commission rates, sellers pivot their focus toward the more price-sensitive demand on
their direct channel, leading to lower equilibrium prices. Furthermore, we show that im-
provements in recommendation technology can paradoxically intensify competition. Due
to these effects, from the platform’s perspective, recommendation quality and commis-
sion rate are strategic substitutes: as algorithms improve, fees are optimally set lower
to sustain higher market prices. From a policy perspective, our results offer a note
of caution with respect to recent interventions in digital markets. For instance, aban-

doning price parity clauses or facilitating disintermediation can weaken the competitive
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discipline exerted by the direct channel, thereby reducing consumer surplus.

Our results have profound implications, both for platform management as well as for
optimal pricing by sellers who are active on platforms. First, due to rapid improvements
in data processing but also changing regulations in several jurisdictions, a platform’s
technology to recommend suitable products to consumers also undergoes many changes.
A natural reaction of platform management to an improvement in the recommendation
quality may be to also raise its commission rate (at least in the medium-run) because
the service offered by the platform has improved. However, our analysis shows that such
a strategy should be considered with caution as sellers may react to these changes by
focusing more on sales in their direct channel, which can reduce platform profits. A
more profitable reaction could therefore be to keep commission rates at the present level
or even lower them, because sellers may then raise their prices, which leads to higher
revenues from transactions on the platform.

Second, for sellers active on a platform, an important implication of our analysis
is that first-glance reactions to a changing platform environment may be misguided.
In particular, if a platform’s service improves (e.g., via better recommendations), it
is pertinent to not only have an eye on how this affects transaction revenue on the
platform but also in the direct channel. As the latter is commission-free, a profitable
strategy could be to attract more consumers in this channel, which might be done by
lower prices, despite the enhanced service offered by the platform.

We conclude by discussing an interesting avenue for future research. On some plat-
forms, sellers can obtain a prominent position in the search ranking not only if their
product is a good match, but also if they pay the platform for a sponsored position. As
a result, demand coming from the platform channel would have an additional compo-
nent: demand from sponsored recommendations. Since demand from those sponsored
recommendations is probably more elastic than demand from organic recommendations,
a seller’s total demand coming from the platform channel would likely be more elastic if
it decides to pay for such a sponsored position. Analyzing how this change in the plat-
form channel’s demand composition interacts with the price depressing effect identified

in this paper could be fruitful.
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Appendix

A Equilibrium Existence

In this section, we provide the analytical proof for the existence of the symmetric equi-
librium derived in the main text. There, we have already shown that p* is the unique
equilibrium candidate price—i.e., the unique price that satisfies each seller’s first-order
condition, given all other sellers charge p*. It thus only remains to show that p* is
also globally optimal. A symmetric equilibrium exists if the seller’s profit function
[(p,p*) = pD(p,p*, f,9) is strictly concave in the seller’s own price p, ensuring that
the first-order condition identifies a unique global maximum. We prove sufficiency under
the two alternative conditions stated in the text—i.e., first, the search costs s are small,
and, second, G(u) is uniformly distributed between 0 and 1.

In what follows, we use the notation

D(p,p") = Da(p,p*) + (1 = f) [Dr(p,p") + Ds(p, p")]

for a seller’s adjusted demand.

Sufficient Condition 1: Low search costs

Proof. We analyze the respective curvatures of the different components of a seller’s
profit function. First, consider the demand term associated with search, Dy(p, p*). From

the text, Ds(p,p*) = C(1 — G(r +p — p*)), where C := (1 — ) E(GT);) is a constant with

respect to p. The profit contribution from this term is Il;(p, p*) = pC(1 — G(2)), where
z =1+ p—p*. The second derivative of this profit term with respect to p is

3@; = C[-29(2) = pg'(2)] = —Cy(=) {2 P

o).

The assumption —ug’(u)/g(u) < 2 for any argument w implies ¢'(u)/g(u) > —2/u.
Applying this to our term with argument z yields

/ 2 ¥
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Since we restrict attention to search costs low enough for search to be active, we have
r > p*, which implies z > p and thus the term in parentheses is strictly positive.
Consequently, 9*I1,(p, p*)/0p* < 0, proving that the search profit component is strictly
concave.

Similarly, multiplying the terms 6G (6 — p + p*) in D, and §(1 — G(p — p* + 0)) in
Dy (the terms associated with perfect matches) by the price p leads to strictly concave
functions. Thus, their contribution to the profit function is strictly concave as well.

Next, consider the integral term common to D, and D, which is

Din(p) = (1 =) . G(u — z)g(u)du,

where = p—p* is the deviation. The profit contribution is I1;,,(p) = (1—=9)(2— f)pI(x),
where I(z) is the integral. We next determine the second derivative I ,(p) o< 2I'(x) +

int

pl”(x). Differentiating I(x) with respect to p (where dx/dp = 1) using Leibniz’s rule

yields
0
I'(x) = =G(r)g(r + z) — / g(u —x)g(u)du.
r+T
Differentiating a second time, we obtain
1w = L et - L[ g g
dp g dp r+x g g

0

+x

——vawwn»—lwvmw+xwy/ —yw—xmwm4
)
=—Gwmwnww+gvmv+xwﬁ/%yw—xwmmM

We now evaluate the boundedness of I1” as s — 0 (implying r — ). The interval of
b plying

int

integration [r + x, #] shrinks to zero, so the integral terms in both I’ and I” vanish. The

boundary terms involving g and ¢’ converge to finite limits determined by the density at

0 (specifically, I”(x) — —¢'(0) + ¢g(0)?). Thus, II} .(p) remains bounded.

int

The total second derivative of the profit function is the sum of the second derivatives
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of its components, which is given by

[ / S
-~ -~

<0 <0 bounded

1"(p) = T (p) + Woppers () + 15 (p) = C [=29(u) — pg'(w)] + 115yers (p) + 1174 (D),

where opers(p) = p6 [G(@ —p+p*) + (1 — G(p—p* +0))]. Since C — oo for suffi-
ciently small search costs, the strictly negative search term dominates the sum. Thus,
if search costs are sufficiently small, IT1”(p, p*) < 0, ensuring that the profit function of

sellers is strictly concave. O]

Sufficient Condition 2: G is uniform with support [0,1]

Proof. Assume u ~ U[0,1],so G(u) = wand g(u) = 1. Because g(u) = 1, —ug'(u)/g(u) <
2 holds trivially. By the above arguments, all profit terms except the integral term are
thus strictly concave. The contribution of the integral term to the profit is Il (p) =
(1=0)(2—f)p [2(1 — 2)* — 4r?], where we already evaluated the integral term explicitly.

Calculating the first and second derivatives of I1;,;(p) yields

1

T, (p) = (1= 8)(2 — f) | 50— = 57— p(1 =)

Wi (p) = (1 =0)2 = f)[-(1 —2) = (1 —2) +p] = (1= 0)(2 - f) Bp — 2(1 + p")].

The profit function from the integral term is concave if 3p < 2(1 + p*). Evaluating this

condition at the maximum price yields
31—r+p)<2(1+p") < 1+p" <3r

As we restrict attention to cases in which there is active search, that is, consumers search
with positive probability for any combination of parameters, we must have p* < r . This
requires that s < 1/8, which implies » > 1/2 and p* < 1/2. Thus, 1+ p* < 3r always

holds, implying strict concavity of Il;,;(p) and the seller’s profit function. m
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B Proofs of Section 4 (Equilibrium)

Proof of Proposition 1: The closed-form expression for the unique symmetric equi-

librium price is given by (5) and equals

n(f,0)
d(f,0)’

p*(f.9) =
where the numerator and denominator are defined as

n(f,0) :=1— g(l +G(r)?+0(1 - G(r)2)),

d(f,0) :=(1 - 5)[(1 - A —(2- f)A2] +(2—f)g(0).

Here, to simplify the notation, for any r € (0, ), we define

Ap = 1C_;<—2(T)g(7") and As ::/T G(u) ¢ (u) du.

Since f € [0,1] and § < 1, n(f,d) > 0. Next, we show that d(f,d) is strictly positive.
Because g is assumed to be log—concave on [0, 6], it follows that g is unimodal. We denote
its (unique) mode by m; in case of the uniform density, m denotes the mean. Because
search costs s are assumed to be small, it follows from (1) that r is on the right tail, that

is, r > m. Therefore, ¢’'(u) < 0 for u > r and

Ay = / G(u) ¢'(u) du < 0.

We can conclude that d(f,0) > 0 for all f € [0,1] and § < 1, because A; > 0 and Ay < 0.
Next, taking the derivative of p*(f,d) with respect to f yields

op* A(0)

of — d(f,0)*

where

(10) A(9) := (5 +(1— 5)G(T)2) ((1 —0)Ay — g(Q_)) + %(1 — 8 G(r)*(1+G(r)) g(r).
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Thus, the sign of dp*/df is equal to the sign of A(d). We next determine the sign of

A(0). To do so, we first establish an upper bound on A, which we can rewrite as

1) A =[Gg]l, - [ gw?du=g(0) - 60)g(r) - [ gluw?du

Furthermore, the last term of (11) satisfies

where (12) uses integration by parts and the fact that log-concavity of g implies a non-

decreasing hazard h(u) = g(u)/(1 — G(u)). Combining (11) and (12) yields

1+ G(r)

(13) Ay < g(é) - 5

g(r),

where the strictness of the inequality sign follows from the fact that h(u) cannot be
constant on [r, 0] for G(0) = 1.

Substituting (13) into the expression for A(d) given by (10), we obtain

A0) =(6+ (1 = 0)G(r)?) (1 — 8) A2 — g(0)) + %(1 —0)*G(r)* (1 + G(r) g(r)

<(6+ (1= 8)G(r)*)(=69(9)) — (1 —0) Wg(r)
5= 07 G+ GO gr)(1 - 1)
= (824 6(1 — §)G(r)) g(B) — 5(1 — 0) w g(r).

Consequently,

A(6) < 0 ¥s5elo,1).

Since A(6) < 0 and d(f,d)? > 0, we can conclude that dp*/0f < 0 for all f € [0,1]
and ¢ € [0,1). |

42



Proof of Proposition 2:

We first show that the cross-partial derivative of p*(f,d) is strictly negative, that is,

pr (A —(1=G(r)*) g(0)) d(f,0) — 2A19(0)n(f,0)

250f d(f,0)? <0

(14)

Under our assumptions on the demand function, we have Ay < 0, 1 — G(r)*> > 0,
d(f,0) >0, Ay >0, g(f) > 0, and n(f,0) > 1 — f > 0 (for details, see the proof of
Proposition 1). Thus, the first term in the numerator of (14) is (weakly) negative and
the second term is also (weakly) negative. However, at least one of the two terms must
be strictly negative because at least one of the terms 1 — G(r)?, Ay, or n(f,d) must be
strictly positive. Therefore, the inequality must be strict.

Thus, for each fixed § € [0,1), the function f — M(f,0) := Op*/06 is strictly
decreasing on f € [0, 1].

We next evaluate M (f,d) at the endpoints f = 0 and f = 1. This yields

op'|  0-d(f,0)—1-(=(1=HA+ (2= NA)|,_,
90 |,y d(0,6)?
Al - 2A2
= — > 0
((1—=0)(Ar — 245) +29(0))
and
op| 3= G(r)?d(f,0) = n(f,0) (2 f)A2— (1 - f)A) .
9 |, d(1,)?
1—G(r)? 9(9)

2 (9(6) = (1—0)43)"

The signs follow from A; >0, Ay <0, 1 — G(r)? >0, g(f) > 0 and d(f,5) > 0.
By continuity of M(-,d) and the strict monotonicity just established, there exists a
unique f(0) € (0,1) such that M(f(8),8) = 0, and

M(f,8) <0 < f> f(0).

Denoting this threshold simply by f (it depends on the primitives and on r, and is

uniquely determined for each §) yields the statement of the proposition. [ |
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C Proofs of Section 5 (Platform Optimization)

Preliminaries: Definitions and Transformation. To facilitate the following proofs
of Lemma 1 as well as Propositions 3 and 4, we introduce some definitions: Let the

auxiliary functions K4(A) and Kg(A) be defined as

T2

KA(A) = 1—7“'

(1+A+(1-A)?) and Kp(A):=(1-A)

N | —

Note that K4(A) represents the amount of transactions on the platform. For any valid
search cost s € (0,1/8), which implies r € [1/2,1), and for any A € [0,1), both K4
and Kp are strictly positive. The equilibrium seller price p*(f, A) from (5) can then be

expressed as

1— fKA(A)

(15) PR = T Rad) + @ )

We simplify the fraction on the right-hand side of (15) by defining a(A) and b(A) as

(16) a(A) = Kp(A)+2 and b(A):= %,

which gives
1— fKa(A)

a(A) —b(A) fKA(A)
In the first stage, the platform chooses f anticipating a seller price equal to p*(f, A) in

p(f,A) =

the second stage and = A in the third stage. Since K 4 is a strictly positive constant in
the optimization (7), the mapping from the actual fee f to the effective fee x .= fK4(A)
is a linear bijection.”* Consequently, maximizing the profit II(f) = fKa(A) p*(f) over
f € ]0,1] is mathematically isomorphic to maximizing the transformed profit function

[I(x) over x € [0, K 4], where (omitting the argument of a(A), b(A), and K4(A))

H(x):xp*(gj):m(l—x) _z(l—a)

a—bx a—bx

44We term z as the effective fee because it is the actual fee times the demand on the platform.
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The optimal actual fee is uniquely recovered as f* = x*/K 4.

Proof of Lemma 1: The first two claims of the lemma follow from the arguments
presented in the main text. The third claim (uniqueness of f*) follows from the global
concavity of the profit function. To establish global concavity of l:[(.r), we determine the
second derivative of II(z).

The first derivative is

- (1-2x)(a—bx)— (x —2*)(=b) bx*—2ax+a
(17) () = (a — bx)? - (a — bx)?

Let a(z) be bz® — 2ax + a—i.e., the numerator of the previous expression—and [(z) =

a — bz. The second derivative can then be written as

(18) I"(z) =

Using o/(z) = 2bx — 2a = —2f(x) and f'(x) = —b, the numerator of the right-hand side
of (18) is

[—28(2)]B(x) — 2a(z)[—b] = —2(a — bx)? + 2b(bx* — 2ax + a)
= —2(a® — 2abx + b*x?) + 2b*x* — dabx + 2ab

(19) = —2a* + 2ab = —2a(a — b).
Thus, I1”(x) < 0 (concavity) holds if and only if a > b. Substituting the definitions of a

and b, this condition is equivalent to

Kp+1
A

Kg+2>

< KA(KB+2)—(KB+1) > 0.

To show that the inequality holds for all r € [1/2,1), we first modify the left-hand side

of the inequality condition. Defining I' := 1 — A € (0, 1], we can write K4 = 1 — F%
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and Kp = % Substituting these expressions into K4(Kp + 2) — (Kp + 1) yields

1—r? r? r?
=(1-T T 21— (T 1
(-7 (s +2) - (i)

2 1—7r2 2 r
2 T2 —T(1—-r»)-T
* { 2 1—r] (=) =Ty

2

. 1.

—-Tr

The term in the squared bracket can be simplified to r*(1 + r)/2. Thus, we can write

[2r2(1 + 1)

Ki(Kp+2)— (Kp+1)=1-T(1-7r? 5

This function is strictly decreasing in I" for I' > 0. The minimum occurs at the boundary
['=1 (i.e., A = 0), where it evaluates to

r2 43 9 r* o (1 —r)

1—(1—7r%—
(1=r7) 2 2 72 2

Thus, @ > b holds globally. Consequently, II(x) is globally concave. By the linear
isomorphism, II(f) is also globally concave.

Optimal Fee f*. We conclude the proof by deriving the optimal fee. The first-order
condition IT'(x) = 0 yields the quadratic equation: b(z*)? — 2az* 4+ a = 0. The optimal
fee is then given by f* = min(1,2*/K,). |

Proof of Proposition 3: From Lemma 1, f* is the minimum of either 1 or z* /K 4,
where, from (17), z* is implicitly defined by b(A)(z*)? — 2a(A)z* + a(A) = 0. If the
minimum is 1, f* is constant in A. We next analyze how z* changes with A.

Dividing b(A)(2*)? — 2a(A)z* + a(A) = 0 by b(A) and defining n(A) := a(A)/b(A)
yields (omitting arguments)

(z*)? — 2na* +n = 0.
The solution is x*(n) = n — v/n? — n. Differentiating with respect to n, we obtain

dx* 2n —1

dn a o0n2—n

Note that (2n — 1)? = 4n? — 4n + 1 > 4(n® — n). Moreover, we have n > 1 because

a > b (proven in Lemma 1). This implies 2n — 1 > 2v/n? — n, and therefore dz*/dn < 0.
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Next, we determine how n changes with A. To do so, we first write n(A) as a function

of K4(A) and Kp(A). This yields

a(A) Kp(A) +2 Kp(A) +2 LI
n(A) = D) _ CEOSERNLN = Ka(A) (KB(A) n 1) = Ka(A) (1 + Kp(A) + 1) .

An increase in A leads to an increase in K4(A) as 0K4/0A = (1 —r?)/2 > 0 and to a
decrease in Kg(A) as 0Kg/0A = —r?/(1 — r) < 0, which implies that n(A) is strictly
increasing in A.

We can now combine these results: An increase in A raises n, which lowers x*. Finally,
consider the interior solution f* = 2*(A)/Ka(A). Since x*(A) is strictly decreasing and
K A(A) is strictly increasing in A, we obtain that f* is strictly decreasing in A, in case

it is interior. [ ]

Proof of Proposition 4: We analyze the sign of dp*/OA in the two regimes in
which either f* =1 or f* = 2*(A)/Ka(A) (i.e., the interior solution) and start with the

former.

1. Corner Solution Regime (f* =1)
Because f* is strictly decreasing in A in case it is interior, the optimal fee is f* =1 in
case A is sufficiently small. The equilibrium seller price is then p* = 1 — K4(A). The
derivative is Op*/OA = —0K4/0A = — (1 —1?) /2 < 0. Thus, the equilibrium seller

price is strictly decreasing in A if the fee constraint is binding.

2. Interior Solution Regime (f* < 1)
The optimal effective fee z* satisfies the first-order condition derived from IT'(z) = 0,
which yields the quadratic identity b(x*)? — 2axz* + a = 0. This implies bz* = 2a —
a/x*. Substituting this into the denominator of the equilibrium price expression p* =

(1 —2x*)/(a— bz*) yields

(20) ot =a- (- 2) = S oaa (125,

:U*

PO) = ((8) = iy = )

x*
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The derivative of p(A) with respect to A is Ip(A)/OA = a[(dz*/OA) — x*d'] [a®.
The sign is of this derivative is determined by the sign of the numerator. To obtain
dz*/OA, we implicitly differentiate the first-order condition b(z*)* — 2az* + a = 0 with

respect to A to get

0 . . . ox*
— (b(z*)? — 2a2* + a) = (2ba* — 2a) A

/ *2_2/* /: )
A + b (x) azr’+a =0

Solving for dz* /OA then yields

dx*  V(x*)? +d(1 —2a%)
0A 2(a — bx*) '

Substituting this into the numerator of Op(A)/IA and using a —bz* = a(l —z*)/z* from

(20), we obtain that the numerator can be written as

V(x*)? +d' (1 — 2z%)
2a(1 — z*) [z

/
—z*a

= 30— V6 L2 —2(1 —a")a]

*

o x P(\2
_—2(1—:5*) [b(x) a].
Since z* € (0,1), the sign of the derivative dp(A)/OA is determined by the sign of the

function

3. Analysis of the Sign Function S(A)
We first compute the derivatives of a(A) and b(A), which yields o'(A) = K5(A) =
—r?/(1 —r) and

0 (KB+1> _ KpKi— (Kp+ 1)K,

W(A) = — ,
B =5 \"x, KZ
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respectively. Substituting these expressions into S(A) yields

S(A) =

K3

r? r? 1—1r2
= — K Kg+1 )2,
1—17r [1—r At (Kp+1) 2 }(f>

[%K“‘ — (K5 + 1)

We simplify the bracketed term using K4 = 1 — (1 — A)(1—7r?)/2 and K = (1 —
A)r?/ (1 —r) to get

s -1 - (15 + 55 v

From Proposition 3, f*(A) is strictly decreasing in A. Since the coefficient of —(f*)? is

negative, S(A) is strictly increasing in A.
4. Uniqueness

At the transition point of the corner regime where f* = 1, the sign function is given by

5 r? _( r? +1—7’2):_1—r2<0.

1—r 2 2

This confirms that the derivative of the seller price function remains negative when
entering the interior regime. Since S(A) is strictly increasing in the interior regime, it
can cross zero at most once.

5. Existence of a cutoff A < 1
We first evaluate S(A) for A — 1. At this limit, K4 = 1, K = 0, which implies that
a = 2 and b = 1. The interior optimal fee condition yields f*(1) = 2 — /2 ~ 0.586
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(independent of 7). Hence,

S(1) is positive if and only if

r2/(1—r) 2 , 2
A-nra-me @YY S e > 20V

2r2

The left-hand side of the latter inequality is strictly increasing in r (as the denomina-
tor is decreasing in 7). At the lower bound r = 1/2, the left-hand side evaluates to
075 ~ 0.571, which is strictly greater than (2 — V2)? ~ 0.343. Thus, S(1) > 0 for
all valid search costs. Since S(A) transitions from negative to positive, there exists a

unique cutoff A € (0,1) such that the equilibrium price decreases for A < A and in-

creases thereafter. [}

D Proofs of Section 6 (Policy & Extensions)

Preliminaries for Section 6.2: Structural Isomorphism

To analyze the equilibrium, we formally establish that the model with disintermedi-
ation (i.e., v € (0, 1]) is mathematically isomorphic to the baseline model via a transfor-
mation of the commission rate.

Consider a seller’s profit maximization problem. A seller receives demand from con-
sumers for whom it is the default seller (D;) and from consumers who discover the
product on the platform (D, = D, + D,, comprising recommendation and search de-
mand). In this extended setting, a share 1 — 7 of potential platform transactions is
"disintermediated" and purchased directly, which implies that sellers incur zero fees on
these transactions, while the remaining share 7 is purchased via the platform (with

commission rate f). A seller’s profit is then

m(p) =pDa+p[(1 —7)Dp+ (1 = f)yD,]

=pDyg+pD,[(1 =) +v— ] =p[Da+ (1= fv)D,].
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Let us define the effective fee as x := f~. The profit function then becomes

m(p) =p[Da+ (1 —z)D,].

This objective function is structurally identical to a seller’s profit in the baseline model—
i.e., Mpase = p(Dg+ (1 — f)D,)—with the effective fee = replacing the nominal fee f.
Since the demand functions Dy and D,, depend only on prices and not on fees directly, the
first-order condition determining the equilibrium price is identical. Thus, the equilibrium
price function p} in the extended model is exactly the baseline price function evaluated at
the effective fee z, that is, pi(f,v) = p*(x), where p*(-) is the equilibrium price function
of the baseline analysis, given by (5). Recall from Proposition 1 that p*(z) is strictly
decreasing in x.

Next, consider the platform’s profit. The platform collects the fee f only on the
fraction 7 of platform demand D,. Its profit is then

(21) e =f-pe-(vDyp) = (f7) - p"(2) - Dp(p™(2)) = x - p*(x) - Dy(p*()).

This objective function is mathematically identical to the platform’s profit function in the
baseline model, H(z) := y.s.(f = x). Consequently, the platform’s problem of choosing
f € [0,1] to maximize II, is isomorphic to choosing the effective fee x to maximize H(x),
subject to the constraint implied by f < 1, which is /v < 1 or x € [0,7]. Let z*
denote the unique unconstrained maximizer of H(z). As shown in Lemma 1, H(z) is

strictly concave. Thus, the platform’s optimal effective fee is the constrained optimum

*

g (7) = min(z*, 7).

Proof of Lemma 2: From the preceding discussion, it is evident that the optimal
commission rate is given by f(v) = z%(y)/7. We can distinguish between two regimes
based on whether the constraint is binding or not.

First, if v < z*, then the constraint is binding. This implies z*(y) = 7. In that case,
the optimal fee is f = v/v = 1 and therefore independent of . Second, if v > z*,
the optimal commission rate is interior, that is, the unconstrained maximum is feasible.
Therefore, z%() = x*, and the optimal commission rate is f* = z*/7. Since 2* depends
is strictly decreasing in v for v > z*.

only on A and r and is independent of ~, f*

€
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Therefore, f7 is overall weakly decreasing in 7. |

Proof of Proposition 6: The equilibrium price is p} = p*(z¥(y)). Differentiating

with respect to v yields
dp;  Op* Ox}
dy  Ox Oy’

From the baseline analysis, we know that dp*/0x < 0. We next turn to the term 0z /0.

If v < a*, then 2}(v) = ~, which implies 0x}/0y = 1. Thus, dp}/0y < 0. Instead, if
v > a*, then z¥(v) = 2*, which is contant in 7. Therefore, dz%/0y = 0, which implies
Op: /0y = 0. Overall, the equilibrium price is thus weakly decreasing in ~. [

Proof of Proposition 7: The platform’s equilibrium profit is ITX(y) = H(z*(7)).
If v < z*, then x¥(y) = v and the profit is H(y). Since H(zx) is strictly concave and
increases towards its unique maximum x*, H(7) is strictly increasing in ~y for all v < z*.
Instead, if v > x*, then x¥(y) = * and the profit is H(x*), which is the global maximum

and constant with respect to v. Thus, the profit is weakly increasing in ~. |

Proof of Proposition 8: To show statement (i), we analyze the convergence of
the equilibrium price pj(¢) as ¢ — 1. We first examine the optimization problem (8)
with respect to p. The objective function I14(p; ¢) is continuous in p and ¢. As ¢ — 1,

each seller’s profit function converges pointwise to the limiting objective function
" (p) = lim Ta(p; 6) = p - 4s(p, pa),

where py denotes the equilibrium candidate price of the other sellers for the direct chan-
nel. Recall that gs(p,pq) is identical to the total demand in the baseline model with
f = 0—.e, D(p,p*,0,0). Thus, the limiting maximization problem is identical to the
maximization problem faced by sellers in the baseline model when f = 0. Let p;,..
denote the equilibrium price in that scenario (where f = 0). To establish that the equi-
librium prices p}(¢) converge to p;,.., we apply the Theorem of the Maximum. The
objective function I1,(p; ¢) is continuous in ¢, and the strategy space for prices is com-

pact (bounded, e.g., by [0,6]). The Theorem of the Maximum implies that the set of
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maximizers (the equilibrium correspondence) is upper hemicontinuous in ¢.

Since the maximizer of the limiting function is unique (as shown in the main text),
the equilibrium price function pj(¢) is continuous at ¢ = 1, and its limit must coincide
with the maximizer of the limiting objective function. Thus, limy_1 p5(¢) = Djpee-

To show statement (ii), we invoke Proposition 1. From this proposition, we know
that p* of the baseline model is strictly falling in f. This implies that p* for any f > 0
is strictly smaller than pj,.. defined above. Combined with limy ,; p}(¢) = p},.. from

above, it follows that p* > p5(¢) as ¢ — 1. [ |

Proof of Proposition 9: We compare the platform’s equilibrium profit under the
two regimes. Under price parity, the platform’s profit is f*p* (D, (p*, p*,§) + Ds(p*, p*,0)).
Since f* >0, p* > 0 (if s > 0), and D,(p*, p*,d) + Ds(p*, p*,d) > 0, the platform’s profit
is strictly positive and bounded away from zero for all s > 0.

Under no price parity, switchers buy via the direct channel because p; < p;. The
platform thus generates revenue only from non-switchers who buy on the platform. This
revenue equals f*pi(¢)(1—¢) (¢} ys(®) + ¢ ns(¢)). As argued in the proof of Proposition
8, the equilibrium prices are continuous in ¢ and remain bounded. The demand functions
are also continuous and bounded. As ¢ — 1, the term (1 —¢) — 0. Since all other terms
remain bounded, the platform’s profit converges to zero.

By the continuity of the platform’s profits in ¢, there exists a threshold gg < 1 such
that the platform’s profits are larger with price parity than without if ¢ > ¢. |
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