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Abstract

We study ranking algorithms that determine product exposure when sellers can set different

on- and off-platform prices, raising the prospect of misallocation across sales channels. Initial

uncertainty about product desirability is resolved through sales experience, leading to sellers

having incentives akin to career concerns. Ranking design that relies on historical sales can

replicate contractual price parity clauses (PPCs) but, with uncertainty, neglecting off-platform

prices in ranking decisions can lead to distorted promotion of sellers who aim to boost on-

platform sales and exposure. Explicitly conditioning on off-platform prices (including through

PPCs) can raise both sales-channel allocation efficiency and promotion efficiency.

1 Introduction

Ranking algorithms—which determine the order in which consumers see sellers, or whether they see

them at all—play a critical role in e-commerce. Because visibility is a necessary condition for making

sales and earning profits, sellers devote considerable effort to understanding and influencing these

algorithms.1 Platforms, in turn, strategically design these algorithms, and their objectives and

consequences have attracted growing scrutiny from regulators and policymakers. The European

Union’s Digital Markets Act and Digital Services Act—supported by the European Centre for

Algorithmic Transparency—have established regulatory frameworks for the oversight and auditing
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1Evidence of seller interest in ranking optimization is abundant. For example, numerous online forums are ded-

icated to Amazon SEO (search engine optimization), and a competitive digital marketing industry offers advice
and consulting on strategies to rise in the search rankings. As one illustration, Webfx notes that “Amazon SEO
is essential for businesses selling on Amazon. If your company doesn’t optimize your listings for SEO, you will
struggle to sell products and turn a profit,” and invites firms to contact them for “our SEO services for Amazon!”
https://www.webfx.com/blog/marketing/what-is-amazon-seo/ accessed March 5. 2025.
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of algorithms used by digital platforms and gatekeepers to ensure “fairness and contestability,” and

there has been broad interest in auditing algorithms (CMA, 2022).2

A particular concern involves the use of prices on other sales channels to influence within-

platform rankings. This issue has received heightened attention amid broader regulatory interest in

contractual price restrictions such as price parity clauses that govern prices at other sales venues.3

In the academic literature, such practices have been examined in the context of online travel agents

(Hunold et al. 2018) and the Amazon marketplace (Hunold, Laitenberger and Thébaudin 2022)

and have led some to question whether provisions banning price parity clauses can be circumvented

through the design of ranking algorithms (Peitz 2022 and Franck and Peitz 2024).

While such practices are clearly of interest to regulators, the literature on ranking algorithms has

typically focused on within-platform competition. Instead, we present a model where consumers’

interest in a seller is uncertain and learned through experience. In that environment, we contrast

ranking algorithms that rely on off-platform prices to those that do not.

An initial observation is that off-platform prices can affect on-platform sales—even when the

algorithm does not directly condition on them. In the extreme case where off-platform prices are

prohibitively high, the seller effectively disables that channel. All sales must take place on the

platform; it is clear that, as a result, on-platform sales may be higher than when off-platform

prices are lower.4 Thus, algorithms that do not condition on off-platform prices directly may

nonetheless respond to them indirectly via their influence on platform sales. In turn, this affects

a seller’s incentives. By raising her off-platform price today, a seller can increase the likelihood

of being promoted in the future. This mechanism is reminiscent of the classic career concerns

model (Holmström (1999)), with the off-platform price playing the role of hidden effort—one that

is ultimately futile in equilibrium, since the platform fully anticipates it. However, we argue that in

a natural context, banning algorithms from using off-platform prices is not neutral. It can actually

lead to worse outcomes.

Platforms take time to learn the quality of products and decide whether to promote them

through the ranking algorithm based on historical sales. The force described in the paragraph

above suggests that a platform may design its algorithm—mapping first-period sales to second-

2The Digital Markets Act is the common designation for “Regulation (EU) 2022/1925 of the European Parlia-
ment and of the Council of 14 September 2022 on contestable and fair markets in the digital sector and amending
Directives (EU) 2019/1937 and (EU) 2020/1828”; the Digital Services Act is “Regulation (EU) 2022/2065 of the
European Parliament and of the Council of 19 October 2022 on a Single Market For Digital Services and amending
Directive 2000/31/EC (Digital Services Act).”

3A notable example is Booking.com’s use of a “most favored nation” clause, which was deemed illegal by the
German Federal Court of Justicein May 2021. The clause had attracted regulatory scrutiny as early as 2015. see
Mantovani, Piga and Reggiani (2017) and Hunold et al. (2018) for analysis and further discussionof this case.

4This is not lost on the search engine optimization (SEO) industry and sellers.
https://www.bigcommerce.com/blog/amazon-seo-strategy/#amazon-optimizations-that-get-a-320-increase-in-sales-
in-less-than-10-minutes (accessed on March 5, 2025) lists as the first optimization strategy “1 Sales are King . . .
Your first option for generating sales is by driving both internal and external traffic to your Amazon listing”. And
https://www.bigcommerce.com/articles/omnichannel-retail/how-to-sell-on-amazon/#3-steps-to-selling-successfully-
on-amazon(accessed on March 5, 2025) includes a section titled “Point all product links to Amazon” noting that
“You may ask why you should send customers to Amazon if you already have a proprietary website. The reason?
Your goal should be to place on the first page of search results — preferably in the top three listings. This is where
big money is made, not by a single sale on your site.”
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period exposure—to encourage higher off-platform prices and greater on-platform sales. To do so

most profitably, however, can involve “punishing” products that do not generate enough sales. As a

result, the platform may not promote a product that should be promoted by the ranking algorithm

(a force we term “promotion inefficiency”). This would appear to be a practice that is “unfair” to

sellers, contravening the EU’s Digital Markets Act, and can reduce consumer surplus and overall

welfare.

We demonstrate how different constraints on algorithms—such as banning the use of off-platform

prices, or using them only in a way that ensures off-platform are not lower than on-platform (that is

a price parity clause)—affect both promotion efficiency and (through differential impact on prices)

the efficient allocation of transactions across the different available sales channels. The extent

of “sales channel efficiency” naturally depends on the distribution of consumer preferences. Our

central analysis simplifies the pricing problem by supposing that any interested consumer has the

same unit demand for an on-platform purchase. As a result, if consumers derive more utility from

on-platform purchases, then welfare is higher if the off-platform is foreclosed and only promotion

inefficiency can arise. In these circumstances, algorithms that rely directly on off-platform prices

can maximize welfare. More generally, there can be a trade-off between sales channel efficiency and

promotion efficiency. Sales channel efficiency is always maximized when there are identical prices

on and off the platform, providing intuition for our result that an algorithm that imposes a price

parity clause can raise both types of efficiency.

Thus, our results highlight that prohibiting platforms from using information on off-platform

prices can reduce welfare and suggest when such concerns might be most pronounced. Further,

auditing algorithms to ensure promotion efficiency and sales channel efficiency may require off-

platform information, suggesting that simply auditing algorithms without wider market context

may be of limited value.

Our paper makes three primary contributions to the literature. First, we provide a dynamic

model in which a platform commits to a ranking algorithm that influences seller behavior across

channels, even without explicitly conditioning on off-platform prices. This contrasts with exist-

ing work that either assumes one-shot mechanisms or abstracts away from seller-type uncertainty.

Second, we show how ranking algorithms serve as commitment devices that shift seller incentives

in the presence of asymmetric information, drawing a novel link between platform design and the

career concerns framework. Third, we analyze the welfare and policy implications of algorithmic

design. In particular, we demonstrate conditions under which a platform-optimal algorithm leads

to inefficient exclusion or effectively implements a most-favored-nation (MFN) clause—raising po-

tential concerns for regulators but in a more distortive way than an explicit contractual clause and

highlighting the possibilities of promotion and sales-channel inefficiencies. In this way, our results

contribute to ongoing debates about algorithmic transparency and fairness, particularly in light of

recent regulatory initiatives such as the EU Digital Markets Act.

Roadmap After reviewing some related literature in the next section, we introduce a model

featuring a monopoly platform that is the only channel through which consumers can discover a
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product. However, consumers may purchase the product either on-platform or through an alterna-

tive sales channel. The seller sets prices for both channels. An algorithm, which may or may not

be allowed to use off-platform prices, determines whether to feature the product, and in a second

period, historical sales on the platform can also be used to inform the algorithm.

Our analysis builds intuition by beginning with the case in which the seller’s type is known.

By committing not to feature the seller in the second period unless certain sales targets are met,

the platform can indirectly influence off-platform pricing in the first period. If the second period

is sufficiently important, the platform can fully shift first-period demand to itself by inducing the

seller to raise the off-platform price to a level that, in effect, forecloses alternative sales channels.

Next, in Section 5, we turn to our main analysis: the case of an unknown seller type, and analyze

the seller’s behavior before tracing through the implications for the platform’s profit-maximizing

design of its algorithm. This allows us to contrast algorithms that do or do not use off-platform

prices and conduct comparative statics and welfare exercises. Specifically, in addition to algorithms

restricted from using off-platform information, we consider both fully unrestricted algorithms that

can use off-platform prices in an unrestricted way (“OPP algorithms”) and algorithms that can only

use off-platform prices to impose price parity clauses (“PPC algorithms”).

The baseline model aims to highlight forces as clearly as possible, and as a result, is naturally a

stylized one. We address a number of natural considerations, in Section 7, including alternative fee

structures, sellers who know their types, fees in the off-platform channel (that can be understood as

addressing the intensity of competition from alternative platforms), repeat purchases, and allowing

for downward-sloping demand. Finally, we conclude.

1.1 Literature Review

Our work contrasts with Castellini et al. (2023) and Calvano et al. (Calvano et al. (2025)), who

also examine the role of platform ranking algorithms. Their focus is on how such algorithms affect

competition among products within a platform, as does Johnson, Rhodes and Wildenbeest (2023)

who focuses on how algorithms promote competition within the platform. Bar-Isaac and Shelegia

(2024) contrasts algorithm-based versus auction-based product ranking in terms of their impact on

consumers. Instead, we study how algorithmic design shapes competition between the platform and

off-platform sales channels.

There are a few recent papers that consider this interaction (albeit in a static setting in contrast

to our setup where historical sales play a key role). Hagiu and Wright (2024) suppose that the off-

platform channel is always less efficient and, while less focused on the ranking algorithm, consider

platform strategies to avoid consumers making off-platform purchases. Karle, Preuss and Reisinger

(2025) and Peitz and Sobolev (2025) also consider this interaction but highlight different trade-offs

and effects. Karle, Preuss and Reisinger (2025) consider a seller with existing consumers, who may

migrate to the platform, and focus on commission rates. Peitz and Sobolev (2025) consider an

environment where prohibiting PPCs is always welfare-decreasing in a model where a platform has

information about consumers and can condition the recommendation strategy based on whether
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consumers are picky and how well-matched they are for the product. Bergemann and Bonatti

(2024) and Bergemann, Bonatti and Wu (2025) consider the interaction between on-platform and

off-platform prices as shaped by platform mechanisms. These papers analyze profit-maximizing

designs in one-shot settings that allow for price discrimination and ad-based allocations but abstract

from the dynamic incentive effects created by sales history. Their focus is on multi-product sellers

and the role of consumer data in efficient matching, rather than on commitment and the contrast

between algorithms that rely on off-platform prices and those that rely on historical sales.

A small literature examines platforms interacting with sellers of unknown type. Jiang, Jerath

and Srinivasan (2011), and Madsen and Vellodi (2025) study environments in which the platform

may become a competitor, leading sellers to obscure their high types to deter platform entry. We

study the opposite incentive: sellers seek to convey high type to secure continued platform exposure.

In this respect, our model is closely related to the career concerns literature, in which early actions

influence later outcomes by affecting beliefs about agent quality.5

Finally, our paper is related to another literature that studies the use and impact of explicit

most-favored-nation (MFN) and price-parity clauses (PPC), which have been a focus of regulatory

scrutiny in online markets. Notable papers in this literature include Scott Morton (2012), Boik and

Corts (2016), Johnson (2017), Hunold et al. (2018), and Calvano and Polo (2020). Our contribution

is to show how and when algorithmic design can replicate the incentive effects of MFNs—altering

seller behavior across channels—without any explicit contractual restriction. This suggests that

algorithmic design may warrant similar regulatory attention, especially under emerging digital plat-

form laws such as the EU’s Digital Markets Act.

2 Model

We study a setting with a monopoly platform that gives a seller access to consumers in exchange for

an ad valorem fee f ∈ [0, 1). The seller may also operate a direct, off-platform channel, accessible

to consumers who become aware of the product through the platform.

A mass of consumers arrives in each of two periods. In period 1, the mass is normalized to 1;

in period 2, the mass is β ≥ 0.6 The platform decides in each period whether or not to feature the

seller. If featured, consumers learn of the seller and can observe both the on-platform price pt, and

the off-platform price p̃t for the product. If not featured, the seller makes no sales in that period

through either channel.

Consumers are characterized by two types of heterogeneity:

• Taste for the product: Upon seeing the seller, a consumer finds the product appealing with

probability θ ∈ [0, 1], where θ ∼ G(·) with finite density g(·) and mean µ. If the product is

appealing, the consumer’s willingness to pay is 1; otherwise, it is 0. Thus, θ can be interpreted

5See the seminal workHolmström 1999, or Bar-Isaac and Tadelis (2008)for a survey of some of the literature.
6This can also be understood to account for any time discounting. Broadly β can be interpreted as sales occurring

after learning concludes and may reflect that learning occurs among a fraction of consumers before potential wider
deployment.
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as the fraction of consumers who derive value from the product. All consumers can obtain

zero utility by abstaining.

• Channel preference: Conditional on being aware of the seller and liking the product, a

consumer may purchase either on or off the platform. Purchasing off the platform incurs a

disutility δ ∼ H(·) distributed over the interval [δ, 1] where δ ≤ 0.7 We assume H is log-

concave and that δ is independent of θ. Notably, we allow for δ < 0 and that the disutility

δ may be negative. That is, we allow some consumers to prefer off-platform channel (for

example, a traveler may prefer to book directly with a hotel, or a consumer may anticipate

better service by purchasing directly with the manufacturer).

We suppose that the seller incurs no costs and assume that f < 1, so that profitable trade is

possible on the platform.8 The platform incurs an opportunity cost A ≥ 0 when featuring the seller,

reflecting the revenue (before applying the fee f) that it could have earned by allocating the same

exposure to an alternative seller or use.9 This outside option allows for the possibility of promotion

inefficiency, and therefore plays a key role in welfare analysis, as we discuss in Section 6.

Let r(θ) ≡ θ2g(θ). This is the integrand in the raw (un-centered) second moment of distribution

G and will be useful in characterizing the informativeness of sales realizations. We assume that r(θ)

is strictly quasi-concave on [0, 1] and increasing on [0, µ]. This condition is satisfied by symmetric

single-peaked distributions and many common cases such as the Beta family of distributions.10

2.1 Timing and Information

The game unfolds over two periods, t = 1, 2.

Before any pricing or consumption decisions, the platform sets an algorithm, as described in

Section 2.2. The seller observes the algorithm, and then in each period, the following events occur:

1. Pricing: The seller sets the on-platform price pt and the off-platform price p̃t.

2. Seller featured: As per the algorithm, the seller is either featured or not.

3. Consumer decisions (if seller is featured): Consumers observe pt and p̃t, decide whether to

buy, and choose a channel.

4. Sales realization: The seller and platform observe platform sales st. Off-platform sales are

not observed by the platform.

7Capping disutilities by 1 is without much loss because 1 is the highest willingness to pay of which disutility is
subtracted.

8Allowing for a positive marginal cost introduces additional notation and messier expressions but does not affect
any of our qualitative results.

9That is, the platform earns Af from the outside option.
10The derivative of x2g(x) is x2g′(x) + 2xg(x), which for a symmetric single-peaked distribution is positive for

x < µ = 1/2.
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In the incomplete information version of the model, the platform does not know the seller’s type

θ, but uses observed first-period sales s1 together with observed or expected prices to update its

belief. In the complete information benchmark, θ is common knowledge.

Neither the seller nor the platform discounts the future. That is, both value profits across

periods equally.11

2.2 Different Forms of Algorithms

A ranking algorithm is a rule that maps available information into a ranking. In our model, the

ranking takes a particularly simple form: a binary decision about whether a seller is featured or

not. We consider three classes of algorithms, distinguished by the type of information on which

they rely:

• A (restricted) algorithm uses only information observable on the platform. In the initial

period, this corresponds to the platform price p1. In the second period, this corresponds to

current and historical prices on the platform, p2 and p1, as well as the period 1 on-platform

sales, s1.

• An OPP algorithm (off-platform price algorithm) conditions on both on- and off-platform

prices. In period 1, it may use p̃1 in addition to p1; in period 2, it can condition on all current

and past prices, p1, p2, p̃1, p̃2 and historical on-platform sales, s1.
12

• A PPC algorithm (price parity clause algorithm) is similar to a restricted algorithm but

imposes the following constraint: any seller whose off-platform price is lower than their on-

platform price is excluded from being featured. Otherwise, it relies on no further off-platform

information.

The first two classes of algorithms are natural benchmarks. In practice, a platform may not have

access to all off-platform prices; for example, a potential guest can obtain an idiosyncratic quote

by calling a hotel directly—an action that may be costly for a platform to replicate, especially in

settings such as hotels or airlines where the number of prices is very large. However, regulators

and commentators have expressed concerns over the use of off-platform information broadly. In

particular, price parity clauses have been a focal point of concern and are often more feasible for

platforms to monitor and enforce than fully general OPP algorithms. These considerations motivate

our interest in PPC algorithms.

The analysis proceeds as follows. We first characterize the seller’s second-period pricing decision.

We then examine first-period pricing under the assumption that the seller’s type is known. Finally,

we consider the case in which the seller’s type is unknown. We begin by analyzing the profit-

maximizing restricted algorithm as our baseline case, before turning to optimal OPP and PPC

algorithms.

11Coefficient β incorporates any discounting that may take place.
12As we will soon emerge, access to off-platform sales, in addition to prices, would not improve platform outcomes.
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3 Period 2 equilibrium

We solve the game by backward induction.

We begin by noting that, in many cases, in any period, it is optimal for the platform to induce

the seller to set the platform price at p∗t = 1, the highest price that interested consumers (who have

identical unit demand for a good on the platform) are willing to pay. This is intuitive: the platform

seeks to maximize the on-platform revenue, on which it earns a proportionate fee.

We continue our analysis under the assumption that this is the case and show that this holds

when H(·) is the uniform distribution in Appendix A.1.13

It is convenient to define ∆t ≡ pt − p̃t = 1 − p̃t. This is the off-platform discount. Note that

we do permit the discount to be negative, in which case the off-platform price is higher than the

platform price. Indeed, this possibility is important to our analysis.

A consumer who finds the product appealing (which occurs with probability θ) and has disutility

δ from buying off-platform chooses to buy on the platform if:

p2 ≤ p̃2 + δ ⇔ ∆2 ≤ δ.

Thus, the fraction 1 −H(∆2) of consumers who find the product appealing buys on the platform;

the remaining fraction H(∆2) buys off-platform.

The seller’s profit per consumer for whom the product has appeal will be denoted by

π(∆) ≡ (1−H(∆))(1− f) +H(∆)(1−∆).

We can rewrite this as

π(∆) = 1− f +H(∆)(f −∆). (1)

This expression can be interpreted as follows. The seller earns 1− f on every consumer who buys,

and then obtains a further f −∆2 on the fraction H(∆2) of consumers that buys off-platform. In

particular, if the seller gives no discount ∆2 = 0, she stands to gain f per consumer she attracts to

the off-platform channel, and if she sets the ’full’ discount, ∆2 = f , she makes no extra money on

it.

It is convenient to assume that limx→δ H(x)/h(x) = 0, which holds for the uniform distribution

(and all others with h(δ) > 0) but also for the triangular and beta distributions.14 Given that H is

strictly log-concave, we know that π′(∆) = h(∆) (f −∆)−H(∆) changes sign at most once. Recall

that H has support [δ, 1], and π′(∆) is non-negative at ∆ = δ (since f − δ ≥ 0) and is strictly

13The force that we must consider is that a lower on-platform price may induce a smaller off-platform discount and,
therefore, higher on-platform sales. This force is also relevant for downward-sloping which we consider in Section 7.5.

14This assumption ensures that ∆∗
2 > δ while in its absence ∆∗

2 = δ may hold.
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negative at ∆ = 1 (since f ≤ 1). Thus, the unique maximizer ∆∗
2 solves

∆ = f − H(∆)

h(∆)
. (2)

We summarize this discussion as follows:

Proposition 1. In period 2, seller sets p∗2 = 1 and ∆∗
2 as the unique solution to (2).

Proof. This follows from the discussion above.

We can see that ∆∗
2 < f , which is intuitive: an off-platform discount can only be profitable if it

is lower than the fee that the seller pays to the platform. However, the off-platform “discount” may

actually be negative (so that there is a premium associated with buying directly from the seller).

For example, if f = 0 and δ < 0, then ∆∗
2 < 0: the seller sets a higher off-platform price to extract

surplus from consumers who prefer to buy off-platform. It will be convenient to use π∗
2 ≡ π(∆∗

2) for

period two profits per consumer.

For welfare considerations, it is useful to find the circumstances where the discount is zero.

Given that the market is covered, a zero price differential between channels ensures that consumers

buy from whichever sales channel generates greater utility and, so, maximizes welfare. This requires

that f = H(0)/h(0). For this condition to hold, it must be that δ < 0 if f > 0 or δ = 0 if f = 0.

Notably, if some consumers prefer buying off the platform (that is, δ < 0), then a strictly positive

platform fee is welfare-maximizing. In this case, starting from f = 0, an infinitesimal fee increase

leads to higher platform profits, welfare, and consumer surplus. Intuitively, as the fee increases,

the seller becomes less interested in selling through the platform and reduces the off-platform price

accordingly. This brings the off-platform discount closer to the welfare-maximizing one since, in the

absence of platform fees, the off-platform price is higher than the on-platform one as the seller uses

its market power over consumers.

3.1 OPP Algorithm

We now discuss the possibility that the platform’s algorithm is also based on the off-platform price

p̃t. Since the platform has commitment power, it can deny the seller access to consumers based on

this price. In particular, the platform would choose to feature the seller only if ∆2 < δ so that no

consumer buys off-platform and all sales take place on the platform, where it earns fees. That is,

the platform, in effect, would require exclusivity. The seller would have to comply, or else it would

not be featured on the platform, no consumers would be aware of the product, and, so, the seller

would make no sales on- or off-platform. Thus, it is clear that observing realized sales without any

uncertainty about the seller’s type, while equivalent to observing the seller’s off-platform historical

price, is nevertheless fundamentally different from observing the off-platform price directly because

the latter allows the algorithm to condition on the price at the time of determining whether or not

to feature the product. Instead, a restricted algorithm must wait for sales to be realized (i.e. until

period 2 in our model) to react to off-platform prices.
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Proposition 2. Under the optimal OPP algorithm, all consumers buy from the platform at the

price p2 = 1. Consumer surplus is lower in this case than under the (restricted) algorithm that does

not condition on the off-platform price. Welfare may be higher or lower.

Proof. The first statement follows directly from the discussion in the text. Clearly, with all purchases

on the platform and at a price of p2 = 1, no consumer surplus is generated at all. This is not the case

for the restricted algorithm, where some consumers choose to purchase off-platform. Since they vary

in δ but purchase at a common off-platform price, there must be strictly positive consumer surplus.

With regard to welfare, note that given price discounts off-platform, some consumers with δ > 0

purchase under the restricted algorithm, reducing welfare. Instead, if δ < 0 then some consumers

who strictly prefer to purchase off-platform may do so under the restricted algorithm but not if

the platform can condition on the off-platform price. Either force may dominate, leading to an

ambiguous welfare result.

3.2 PPC Algorithm

A PPC algorithm does not have the full flexibility of an OPP algorithm to affect off-platform

prices, but can ensure that the off-platform price p̃2 is no lower than the on-platform price p2 = 1.

Consequently, if under the restricted algorithm, a seller would set p̃2 > 1, the PPC would have no

impact at all; otherwise, that is, if the PPC was binding, then the seller would set p̃2 = p2.
15 The

following result arises immediately.

Proposition 3. When the platform uses a PPC algorithm, then the off-platform discount is deter-

mined by 2 when its solution, ∆∗
2, is negative; and, otherwise, the off-platform price and on-platform

price are identical: p2 = p̃2 = 1. Consumer surplus under the PPC algorithm is lower than for the

restricted algorithm, but higher than the OPP algorithm; welfare is higher than under both alterna-

tives.

Proof. Total welfare is weakly lower under the PPC algorithm than under the restricted algorithm

since either consumers face the same discount in both cases or a positive discount under the restricted

algorithm and no discount under the PPC. Consumers are worse off—they face weakly higher off-

platform prices. The same force that can lead to the OPP platform raising welfare relative to

the restricted algorithm—namely, ensuring that consumers who do not suffer a positive disutility

from buying off-platform nevertheless do so because of a lower off-platform price—also applies for

the PPC algorithm, but whereas the OPP algorithm precludes all off-platform purchases, the PPC

algorithm can allow at least some of those consumers with δ < 0 to buy off-platform leading to

higher welfare and greater consumer surplus than the OPP algorithm.

Intuitively, a welfare distortion that arises in our setting is that consumers may end up buying

through one sales channel, even though the alternative channel brings them greater utility. This

15Note that since the PPC is an explicit contractual clause, even if breach is only discovered later, a fine on
discovering breach ex-post can be sufficient to ensure that the seller is compliant throughout. This is what we assume
throughout our discussion on PPCs.
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allocative distortion arises when the prices at these different sales channels differ, even though there

are no differences in costs. As Proposition 3 highlights, either the PPC has no impact on prices (if

it does not bind) or it brings the off-platform price in line with the on-platform price, and, thereby,

eliminates such sales channel misallocation and raises welfare.

4 Period 1 equilibrium for known seller-type

We now analyze period 1 pricing under the assumption that the seller’s type θ is known. We will

assume that θ ≥ A/(1−H(∆∗
2)) to ensure that the seller is more profitable than the outside option,

because we wish to focus on the platform’s extractive ability vis à vis the seller.16 In this case, the

platform observes on-platform sales given by:

s1 = θ(1−H(∆1)),

and the platform may commit to feature the seller in period 2 if these sales exceed a threshold T .17

The seller cannot meet the threshold if T > θ and thus would set the first-period discount equal

to the myopic optimum ∆∗
2. Instead, if T ≤ θ(1 − H(∆∗

2)), then setting the myopically optimal

discount ensures being featured in period 2. This is what the seller would do; that is, the seller

would optimally choose its first-period off-platform discount to be ∆∗
2.

In other cases, to meet the threshold T , the seller θ must set an off-platform discount ∆1 < ∆∗
2

such that T = θ(1−H(∆1)), or equivalently

∆1 = H−1(1− T/θ).

The seller will optimally do so if

θ
(
π(H−1(1− T/θ)) + βπ∗

2

)
≥ θπ∗

2.

The left-hand side of the inequality corresponds to the profit from setting ∆1 and, so, being featured

in the second period (and earning per consumer profits of π∗
2 in that period). Instead, the right-hand

side involves setting the discount at the optimal myopic level and foregoing the opportunity to be

featured and to make sales in the second period.

Note that the seller’s type drops out of this equation since it is a common multiplicative factor

in both cases. Simplifying the inequality, we obtain the following condition.

π(H−1(1− T/θ)) ≥ (1− β)π∗
2. (3)

16In the absence of this assumption, the seller may well not be featured. We will make an analogous assumption
for the case of the unkown seller-type.

17A threshold rule is equivalent to simply choosing the off-platform price in this setting. Trivially, it is optimal. As
we show later, a threshold rule is optimal when the seller’s type is unknown. We, therefore, maintain a threshold rule
in this section for ease of comparison with the analysis in Section 5.
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This inequality trivially holds for β ≥ 1. For β < 1, whether or not the inequality is satisfied

depends on other parameters, as summarized in the following result, which is immediate following

the discussion above.

Lemma 1. A seller of a known type θ when faced with a sales threshold T sets the first period

discount ∆1 = H−1(1− T/θ) if T
θ ∈ (1−H(∆∗

2), 1] and β < 1− π(H−1(1−T/θ))
π∗
2

, otherwise ∆1 = ∆∗
2.

The seller meets the threshold either because meeting it entails no further discount beyond that

which it would otherwise choose, i.e. T ≤ θ(1−H(∆∗
2)), or when it is feasible to meet the threshold

(θ ≥ T ) and the second period is important enough (that is β is high enough) to warrant doing so.

4.1 Optimal algorithm for known seller type

The platform prefers that the seller set ∆1 = δ and divert all sales to the platform. In this case,

the seller would earn 1− f per consumer. To characterize when this is incentive compatible, define

the threshold:

β ≡ 1− 1− f

π∗
2

< 1.

If β ≥ β, the seller would prefer to set ∆1 = δ and forego (optimal) first-period off-platform sales for

the opportunity of on-platform second-period sales (and the opportunity to earn π∗
2 in the second

period) rather than forego second-period sales and earn the maximal possible, π∗
2, in the first period

. The platform can effectively induce the seller to do this by choosing a sales threshold rule with

the threshold set at T = θ, which the seller can attain by foregoing off-platform sales by setting

∆1 = δ. If, instead, β < β, then (3) does not hold at ∆1 = δ, and the platform cannot force this

level of discount. In this case, it implements a higher discount ∆∗
1 ∈ (δ,∆∗

2] through a corresponding

sales threshold T ∗ = θ(1−H(∆∗
1)) that ensures that the seller is indifferent between choosing this

discount and foregoing second-period sales, since this is the lowest discount that the platform can

force. Thus, the optimal discount (from the platform’s perspective) in this case is implicitly defined

by the following equation.

π(∆∗
1) = (1− β)π∗

2. (4)

The following proposition summarizes this discussion.

Proposition 4. With known seller type θ:

• If β < β, the platform commits to feature the seller in period 2 if s1 ≥ T ∗ = θ(1 −H(∆∗
1)),

where ∆∗
1 solves (4) and ∆∗

2, as above is the solution to (2).

• If β ≥ β, the platform commits to feature the seller if s1 = θ, and the seller sets ∆∗
1 = δ.

Proof. Immediate following the discussion above.
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In the high-β case, the platform captures all demand through a sales-based threshold rule—even

without observing the off-platform price. Although the platform does not observe the seller’s off-

platform price, it can use a sales threshold to reward sellers who drive demand towards the platform.

Anticipating this, the seller raises the off-platform price, thereby steering consumers toward the

platform. The algorithm effectively forecloses the off-platform channel in the first period without

explicit pricing constraints. When β is low, the platform cannot induce such a high off-platform price

(or equivalently low price discount) in the first period. Instead, it allows the seller to retain some off-

platform demand—resulting in lower on-platform sales—in order to ensure continued participation

in the second period.

Platform profits from a seller of known type θ are:

Π = fθ [(1−H(∆∗
1)) + β(1−H(∆∗

2))] .

First-best welfare requires that there is no sales-channel misallocation and, so, ∆∗
1 = ∆∗

2 = 0. As

previously established, ∆∗
2 = 0 when f = H(0)/h(0), which in turn requires δ < 0 if f > 0. In this

case, to have ∆∗
1 = 0 as well, Equation (3) implies β = 1. Generically, therefore, such an outcome

does not arise, and so there is a distortion from the socially optimal outcome.

4.2 OPP algorithm

Suppose that the platform can condition its algorithm on the seller’s off-platform price. In this

case, just as for the second period, it can then require ∆1 < δ as a prerequisite for exposure,

effectively foreclosing the off-platform channel. However, this conditioning is inconsequential for

the first period when β ≥ β̄, as the same outcome arises through a commitment to a sales threshold

rule.

4.3 PPC algorithm

When the platform can impose a PPC, this will affect the second-period profit that a seller can

anticipate if featured. With a PPC, the seller anticipates setting ∆PPC
2 = max{0,∆∗

2} and earning

π(max{0,∆∗
2}). Analogously to the analysis above, define

β
PPC

≡ 1− 1− f

π(max{0,∆∗
2})

≤ β.

Then clearly, if β > β, the platform can foreclose the off-platform in the first period through any

of the restricted algorithm, OPP algorithm, or PPC algorithm. However, there are circumstances

(specifically, where β
PPC

> β > β) in which a PPC algorithm forecloses the off-platform channel

in the first period, but the restricted algorithm does not; and there are circumstances in which the

OPP algorithm forecloses the off-platform channel, but the PPC algorithm does not. Note that

when both the PPC and the restricted algorithm allow off-platform prices that do not foreclose
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sales, the prices resulting from these algorithms will be at different levels.18

5 Period 1 equilibrium for unknown seller-type

Now we turn to the central case for our analysis, where the platform is uncertain about the seller’s

type. In this section, we argue that an algorithm based on a sales threshold is optimal, derive the

seller’s optimal pricing given a threshold algorithm, and then characterize the optimal algorithm.

We suppose that it is profitable for the platform to feature the seller in the first period; else, the

algorithmic design is irrelevant. The following assumption is sufficient to ensure that this is the

case.19

Assumption 1. The platform’s alternative option satisfies A < µ(1−H(∆∗
2))

It will be useful to define α ≡ A/(1 − H(∆∗
2)) as the type of the seller that would give the

platform the same revenue as the outside option in the second period, thus the assumption above

is equivalent to α < µ.

With the seller’s type unknown, the platform observes s1 = θ(1 − H(∆1)) and, depending on

the level of sales, can choose to feature the seller in the second period with some probability. As we

now show, under some (sufficient) conditions on g it is optimal to use a threshold strategy so that

the platform features the seller in period 2 if and only if her period 1 sales s1 exceed some T .

Lemma 2. A threshold algorithm is optimal when the density g has decreasing elasticity.

Proof. We prove the result by contradiction in Appendix A.2 .

We can think of the algorithm as assigning a probability ϕ(s) of being featured in the second

period associated with any sales level s. Our approach is to suppose that an optimal but non-

threshold rule ϕ exists. The idea of the proof is to show that this entails two sets of sales levels

Σ1 (low s) and Σ1 (high s) such that types with s ∈ Σ1 are featured with positive probability

while those with s ∈ Σ2 are not always featured. Shift a small probability mass ε from Σ1 to Σ2,

scaling it by a factor l > 1 so the seller’s expected continuation probability—and hence her chosen

discount—remains constant. Because g has decreasing elasticity, the ratio of weighted type densities

attached to Σ2 versus Σ1 increases after the shift, which leaves the seller’s payoff unchanged but

strictly raises the platform’s expected profit, yielding a contradiction.

Many common distributions, including the uniform distribution, satisfy the decreasing-elasticity

property. We proceed under the assumption that the distribution function induces a threshold

algorithm, with threshold, T . In this case, if the seller sets the discount ∆1, she will be featured in

18In particular, we can define ∆̂PPC as the solution to π(∆̂PPC) = (1− β)π(max{0,∆∗
2}) and then the first-period

off-platform discount under the PPC algorithm is given by max{0, ∆̂PPC}.
19This follows since the seller never gives a discount lower than ∆∗

2 in the first period, because this is the discount it
would give if it were sure that it would never be featured again, and it can never raise its likelihood of being featured
by offering a lower discount (and reducing the on-platform sales).
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period 2 if

θ ≥ T

(1−H(∆1))

It follows that we can write down the seller’s expected profit over two periods (anticipating the

optimal period 2 discount) as follows:

Πseller(∆1, T ) = µπ(∆1) + βπ∗
2

∫ 1

min
{
1, T

(1−H(∆1))

} θg(θ) dθ. (5)

The first term is the expected seller type, µ, multiplied by the profit per interested consumer, π(∆1),

and the integral in this expression is corresponds to the expected type of the seller, θ, when clearing

the sales threshold multiplied by the probability of being featured in the second period.

In principle, the discount ∆1 that a seller chooses can result in T/(1−H(∆1)) ≥ 1. In such a case,

a seller forgoes second-period sales altogether. It is useful to introduce the notation ∆̄T ≡ H−1(1−T )

as the first-period discount above which the seller will not be featured in the second period for a

given T .

The profit Πseller may not be quasi-concave in ∆1 if G is not sufficiently dispersed, even for

∆1 < ∆̄T . To proceed, we will assume that it is for any T ∈ (0, 1) and ∆1 ∈ [δ, ∆̄T ]. This is easily

shown to hold for G ∼ U(0, 1) and H ∼ U(δ, 1) (our running example) and can be verified for

other distributions as necessary.20 However, since there is a discontinuous derivative at ∆̄T even if

profits are quasi-concave to the left and right, the overall function may not be quasi-concave and

the seller’s profit may be maximized to the left or to the right of ∆̄T , where in the latter case the

seller gives up on period 2 sales.

We define T̄ as the threshold at which the seller is indifferent between foregoing second-period

sales and not; that is, it is the unique solution to the following equation:21

µπ∗
2 = max

∆1∈[δ,∆̄T ]

{
µπ(∆1) + βπ∗

2

∫ 1

T
(1−H(∆1))

θg(θ) dθ

}
.

Moreover, this solution must satisfy ∆̄T̄ < ∆∗
2. For T > T̄ the seller will set ∆1 = ∆∗

2, and

for T ≤ T̄ the seller will set ∆1 ≤ ∆̄T . As we show next, only the former case is relevant for the

remainder of the paper.

Lemma 3. The platform chooses a threshold T ∗ that satisfies T ∗ ≤ T̄ .

20A sufficient condition is that
h(∆)g

(
T

1−H(∆)

)
(1−H(∆))3

is non-decreasing in ∆1 for any T ∈ (0, 1) and any ∆1 ∈ [δ,H−1(1−T )].
21For T sufficiently close to zero, for example, for T ≤ 1 − H(∆∗

2), the optimal discount satisfies ∆1 < ∆̄T , that
is, the seller surpasses the sales threshold for a strictly positive measure of types. In contrast, for T sufficiently close
to 1, the optimal discount is ∆1 = ∆∗

2 > ∆̄T , that is, the seller is never featured in the second period and so sets
the discount at the myopic level. Increasing T reduces Πseller(∆1, T ) for ∆1 < ∆̄T , and reduces ∆̄T without altering
seller profit for ∆1 > ∆̄T , in which case Πseller(∆1, T ) = µπ∗

2 , thus there must exist a solution T̄ and our assumption
on quasi-concavity ensures it is unique.
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Proof. Suppose that T > T̄ is optimal. For any such T > T̄ the seller sets ∆1 = ∆∗
2 and is not

featured in the second period. The platform’s profits are then µf(1−H(∆∗
2))+βfα(1−H(∆∗

2)). By

setting T = 0, the platform induces the seller to set a discount ∆∗
2 in both periods and features the

seller for sure, earning µ(1+β)f(1−H(∆∗
2)), which by Assumption 1 (which ensures that the seller

is ever worth being featured at all) is strictly higher than the profit from T > T̄ , a contradiction.

Given this lemma, we only need to characterize the first-period discount ∆∗
1 for T ≤ T̄ . We can

write the first-order condition for interior ∆∗
1 ∈ (δ, ∆̄T ) as

∆1 = f − H(∆1)

h(∆1)
−

βπ∗
2r
(

T
(1−H(∆1))

)
µ(1−H(∆1))

. (6)

Recall that r(θ) ≡ θ2g(θ). Since the right-hand side of (6) is decreasing in ∆1 given the log-concavity

of H and the maintained assumption that r′(·) > 0, while the left-hand side is increasing in ∆1,

this equation has at most one solution.

As to whether (6) has a solution or not, there are two cases to consider. If β is too large, then

there will be no solution. Here, the optimal discount is δ (in this case, the seller forgoes off-platform

sales in period 1, which is as much as it can do to increase the chances of being featured in the

second period). This is the case when

β ≥ β̂ ≡ (f − δ)µ

π∗
2r(T )

.

It is intuitive that the seller will be willing to forego off-platform sales in the first period to increase

the chance of being promoted in the second period when the second period is sufficiently important,

the fee is low (so that it is not too costly to divert sales to the platform), and second period profits

are high. Otherwise, if β < β̂, then ∆∗
1 ∈ (δ, ∆̄T ) and it solves (6).

Proposition 5. Suppose the seller’s type is unknown and T ≤ T̄ . If β ≥ β̂, then ∆∗
1 = δ; otherwise,

∆∗
1 solves (6). ∆∗

1 is lower than ∆∗
2, and if β < β̂ then it is decreasing in β and T , and is increasing

in f .

Proof. The characterization of the solution is immediate following the discussion above. The com-

parative statics described follow on inspecting (6).

The comparative statics described at the end of Proposition 5 are intuitive. The seller sets a

lower off-platform price (a higher discount) when the on-platform fee is higher in order to divert

more sales from the platform to a venue where it does not have to incur fees. The seller sets a higher

off-platform price when it cares more for the future and is willing to sacrifice more to be featured

in the next period, or when facing a “tougher” threshold to be featured.

It is worth discussing the optimal (interior) discount in detail and comparing it to the optimal

period 2 discount that is characterized by Equation (2). The new (third) term in (6) is always

negative, which means that the first-period discount, which is induced by algorithmic manipulation,
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is smaller than the second-period discount (where there is no future and no prospect of manipulating

the algorithm). That is, ∆∗
1 < ∆∗

2.

Notably, as the next result shows, ∆∗
1 is (weakly) larger than the discount we obtained for the

known type. So the seller with a known type is forced to give a smaller discount than the seller with

an unknown type, or, equivalently, charges a higher off-platform price.22 Intuitively, the platform

cannot distinguish an off-platform price deviation from its uncertainty about the seller’s type and

thus is not able to extract the seller’s rents as efficiently as when the type is known.

Corollary 1. The first-period off-platform discount when the seller is of known type is weakly lower

than that when the seller’s type is unknown.

Proof. Since the seller optimally chooses ∆∗
1 rather than choosing ∆∗

2 and foregoing the opportunity

of second period profits, ∆∗
1 for a seller of unknown type must satisfy

µπ(∆∗
1) + βπ∗

2

∫ 1

min
{
1, T

(1−H(∆1))

} θg(θ) dθ ≥ µπ∗
2

or, alternatively,

π(∆∗
1) ≥

(
1− β

1

µ

∫ 1

min
{
1, T

(1−H(∆1))

} θg(θ) dθ

)
π∗
2

Since the integral divided by µ =
∫ 1
0 θg(θ) dθ is smaller than 1, it follows that π(∆∗

1) > (1− β)π∗
2.

For the known seller type, the discount is either δ, the lowest possible, or satisfies π(∆1) = (1−β)π∗
2,

thus it must in all cases be lower than ∆∗
1.

Given the equilibrium discount ∆∗
1, it will be useful to define τ ≡ T/(1 − H(∆∗

1(T )) as the

marginal type that just clears the sales threshold for the equilibrium first-period discount. It can

be shown that τ is increasing in T < T̄ , even when taking into account the dependence of ∆∗
1 on

T .23 It will be convenient to work with τ as the choice variable for the platform. We also define

τ̄ ≡ T̄ /(1 − H(∆∗
1(T̄ )) as the equilibrium type corresponding to the highest threshold that the

platform may ever set, T̄ .

5.1 Optimal algorithm for unknown seller type

The above analysis was conducted for a fixed threshold T , or equivalently, the equilibrium threshold

type τ . We now turn to finding the platform’s profit-maximizing (restricted) algorithm.

22Note that the platform may, therefore, benefit from such uncertainty.
23This can be shown using log-concavity of H. Namely, from (6) we can find ∂∆1

∂T
=

− βπ∗
2h(∆1)

2r′(τ)
−µ(1−H(∆1))2H(∆1)h′(∆1)+2µh(∆1)

2(1−H(∆1))2+βπ∗
2h(∆1)3(τr′(τ)+r(τ))

, which is easily shown to be negative by

log-concavity of H. Thus ∂τ
∂T

=
∂ T

1−H(∆1(T ))

∂T
=

1+τh(∆1)
∂∆1
∂T

(1−H(∆1))
, which can be shown to be positive with simple

manipulations and using log-concavity of H again.
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If the platform cannot commit to the algorithm, then it will set τ = α. That is, a platform

that cannot commit retains sellers if and only if they would earn the platform more profit in the

second period than the outside option. However, given the inherent commitment associated with an

algorithm, the platform can set a different threshold (that is, τ ̸= α) because the threshold, τ , affects

∆∗
1. Sellers react to the threshold understanding that the discount they offer off-platform affects

sales on the platform and the probability that they sell more than the threshold level, and earn

profits in the second period. In this way, a different threshold can lead to a different off-platform

discount.

From Lemma 3 we know that the optimal threshold type is below τ̄ and, therefore, induces the

seller to set an optimal discount, ∆∗
1, that ensures that the product is featured with strictly positive

probability in period 2.

If the platform features the seller in period 1 and keeps featuring it in period 2 if s1 exceeds T ,

the platform’s profits (given that τ ≤ τ̄) are

Πplatform(τ) = f

[
µ(1−H(∆∗

1(τ)) + β

(
αG (τ) +

∫ 1

τ
θg(θ)dθ

)
(1−H(∆∗

2))

]
In this expression, the platform earns a proportionate fee f on all sales on the platform, as captured

in the square brackets. The first term inside brackets corresponds to the first period of sales on the

platform, given that the expected type of seller is µ and the discount off the platform is ∆∗
1(τ). The

second term can be understood as, first, reflecting that the outside option (equivalent) to a type α

is featured when sales are below T or, equivalently, the seller’s type is lower than τ = T
1−H(∆∗

1(T )) ;

and, second, the seller’s expected type conditional on being featured. Finally, conditional on the

consumer liking the product, a fraction 1−H(∆∗
2) buys on the platform.

The platform can gain from featuring the seller in the second period: it can assure itself the

seller’s upside compared to the outside option by setting τ = α (but, as we show, it may earn even

more with α ̸= τ). In the first period, the expected profit that the platform earns when it features

the seller is fµ(1−H(∆∗
1)), which is at least as high as fµ(1−H(∆∗

2)), and so by Assumption 1 is

even higher than α.

In order to proceed, we make two assumptions. First, we will maintain that platform profit is

quasi-concave in the threshold τ in the relevant range where τ ≤ τ̄ .24 The second assumption is

related to the possibility that the platform optimally sets τ = τ̄ because Π′
platform(τ̄) > 0. That is,

the seller is pushed to the limit where she is indifferent between trying to be retained in the second

period and giving up on the second period altogether. We will proceed by focusing on the parameters

when this is not the case to simplify exposition and focus on central economic mechanisms. That

is, in what follows, we assume that τ∗ < τ̄ . In the examples that we provide, we check that this is

indeed the case.25

24This is an indirect assumption on primitives but can be verified for our running example that features G ∼ U(0, 1)
and H ∼ U(δ, 1). See Appendix X for the proof.

25This circumstance may arise even for the example where both G(.) and H(.) are uniform when β is sufficiently
low.
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A key force in our analysis is that the threshold τ may be distorted in the direction that

reduces ∆∗
1 in order to raise the level of on-platform sales (and fee revenue for the platform). Since

Sign
(
∂∆∗

1
∂τ

)
= −Sign (r′(τ)) < 0, and by our assumption that r(θ) is increasing on [0, µ], it follows

that increasing τ induces the seller to reduce the first-period discount.

To derive the optimal threshold, which characterizes the optimal algorithm, take the derivative

of platform profits with respect to the threshold-type:

Π′
platform(τ) = f

[
(α− τ)βg(τ)(1−H(∆∗

2))− µh(∆∗
1)
∂∆∗

1

∂τ

]

Absent the effect that τ has on ∆∗
1, that is, when

∂∆∗
1

∂τ = 0, it is clear and intuitive that τ∗ = α—if

the choice of threshold has no impact on the seller’s off-platform discount, then the platform would

feature the seller if and only if it was better than the outside option. Since
∂∆∗

1
∂τ < 0, then τ∗ > α

for any α > 0. The platform distorts the threshold upwards so that the seller raises its off-platform

first-period price (or equivalently, reduces its off-platform discount).

For ∆∗
1 > δ (that is, in the case that we are examining where an interior solution is optimal for

the seller), the platform’s first order condition, 5.1, can be written as:

τ∗ = α− ∂∆∗
1

∂τ
(τ∗) · µh(∆∗

1)

βg(τ∗)(1−H(∆∗
2))

. (7)

When the outside option is worthless, α = 0, the platform will always feature the product in the

second period; that is, τ∗ = 0.26 If α is so high that, even at τ = α, the seller would choose to forego

off-platform sales by setting ∆∗
1 = δ, then the platform will optimally set τ∗ = α. In this case, the

platform gets the best of both worlds: it features the seller if and only if it is better than the outside

option thereby maximizing second-period profits, while simultaneously inducing the seller to sell

only on the platform in the first period. This happens when

β ≥ µ(f − δ)

π∗
2r(α)

.

If there is no value of τ that induces the seller to set δ, that is

max
τ∈[0,1]

r(τ) <
µ(f − δ)

βπ∗
2

(8)

then the platform’s optimal threshold must be interior. In this case, set the thresholds that we

introduce below, α and ᾱ, as both equal to 1.

Assume, instead, that maxτ∈[0,1] r(τ) ≥
µ(f−δ)
βπ∗

2
holds. Define ᾱ as the smallest root of

r(α) =
µ(f − δ)

βπ∗
2

.

26Π′
platform(0) < 0 for α = 0 because r′(0) = 0.

19



<latexit sha1_base64="IB/vu0KBfESG534ykQHQdZnHDPM=">AAAB7XicbZC7SgNBFIZn4y3GW9RSkMEgWIVdi5jOgI1lAuYCyRLOTmaTMbMzy8ysEJaU9jYWitj6Cql8CDufwZdwcik0+sPAx/+fw5xzgpgzbVz308msrK6tb2Q3c1vbO7t7+f2DhpaJIrROJJeqFYCmnAlaN8xw2ooVhSjgtBkMr6Z5844qzaS4MaOY+hH0BQsZAWOtRgd4PIBuvuAW3ZnwX/AWULh8n9S+7o8n1W7+o9OTJImoMISD1m3PjY2fgjKMcDrOdRJNYyBD6NO2RQER1X46m3aMT63Tw6FU9gmDZ+7PjhQirUdRYCsjMAO9nE3N/7J2YsKynzIRJ4YKMv8oTDg2Ek9Xxz2mKDF8ZAGIYnZWTAaggBh7oJw9gre88l9onBe9UrFUcwuVMpori47QCTpDHrpAFXSNqqiOCLpFD+gJPTvSeXRenNd5acZZ9ByiX3LevgFTWZNh</latexit>ω

<latexit sha1_base64="QUpiuWf39ivRHRpVA9mHNoxY/5w=">AAAB7XicbZC7SgNBFIZn4y3GW9RSkMEgiEXYtYjpDNhYJmAukKxhdjKbjJmdWWbOCiGktLexUMTWV0jlQ9j5DL6Ek0uh0R8GPv7/HOacE8SCG3DdTye1tLyyupZez2xsbm3vZHf3akYlmrIqVULpRkAME1yyKnAQrBFrRqJAsHrQv5zk9TumDVfyGgYx8yPSlTzklIC1ai0gyc1pO5tz8+5U+C94c8hdvI8rX/eH43I7+9HqKJpETAIVxJim58bgD4kGTgUbZVqJYTGhfdJlTYuSRMz4w+m0I3xsnQ4OlbZPAp66PzuGJDJmEAW2MiLQM4vZxPwvayYQFv0hl3ECTNLZR2EiMCg8WR13uGYUxMACoZrbWTHtEU0o2ANl7BG8xZX/Qu0s7xXyhYqbKxXRTGl0gI7QCfLQOSqhK1RGVUTRLXpAT+jZUc6j8+K8zkpTzrxnH/2S8/YNBLSTLQ==</latexit>

ω→

0.25 0.5

f=0.4, a=0.2, beta=2

<latexit sha1_base64="i9CsJDN4B1YpRNvrvtwDWILwRlU=">AAAB+XicbVDLSsNAFJ3UV62vaJdugkVwVRIXtcuCG5cV7AOaUCaTm3boZBJmJoUS+yGCGxeKCOKi3+HGnX/jpO1CWw8MHM65h3vn+AmjUtn2t1HY2Nza3inulvb2Dw6PzOOTtoxTQaBFYhaLro8lMMqhpahi0E0E4Mhn0PFH17nfGYOQNOZ3apKAF+EBpyElWGmpb5puygMQedzFLBnivlmxq/Yc1jpxlqTSKL9/zu4fPpp988sNYpJGwBVhWMqeYyfKy7BQlDCYltxUQoLJCA+gpynHEUgvm18+tc61ElhhLPTjypqrvxMZjqScRL6ejLAaylUvF//zeqkK615GeZIq4GSxKEyZpWIrr8EKqACi2EQTTATVt1pkiAUmSpdV0iU4q19eJ+3LqlOr1m51G3W0QBGdojN0gRx0hRroBjVRCxE0Ro/oGb0YmfFkvBpvi9GCscyU0R8Ysx+e+ZgQ</latexit>ω <latexit sha1_base64="3wqVEjGgwzmlBafAoAlC8Z1VL3c=">AAAB8XicbZC7SgNBFIbPeo3xFrUUZDEIVmHXIqYzYGOZgLlgsoSzk9lkyOzsMjMrhCWlb2BjoYitL5DKh7DzGXwJJ5dCE38Y+Pj/c5hzjh9zprTjfFkrq2vrG5uZrez2zu7efu7gsK6iRBJaIxGPZNNHRTkTtKaZ5rQZS4qhz2nDH1xP8sY9lYpF4lYPY+qF2BMsYAS1se7aPso28riPnVzeKThT2cvgziF/9TGufj+cjCud3Ge7G5EkpEITjkq1XCfWXopSM8LpKNtOFI2RDLBHWwYFhlR56XTikX1mnK4dRNI8oe2p+7sjxVCpYeibyhB1Xy1mE/O/rJXooOSlTMSJpoLMPgoSbuvInqxvd5mkRPOhASSSmVlt0keJRJsjZc0R3MWVl6F+UXCLhWLVyZdLMFMGjuEUzsGFSyjDDVSgBgQEPMIzvFjKerJerbdZ6Yo17zmCP7LefwBSrZUa</latexit>

ω̄

<latexit sha1_base64="3wqVEjGgwzmlBafAoAlC8Z1VL3c=">AAAB8XicbZC7SgNBFIbPeo3xFrUUZDEIVmHXIqYzYGOZgLlgsoSzk9lkyOzsMjMrhCWlb2BjoYitL5DKh7DzGXwJJ5dCE38Y+Pj/c5hzjh9zprTjfFkrq2vrG5uZrez2zu7efu7gsK6iRBJaIxGPZNNHRTkTtKaZ5rQZS4qhz2nDH1xP8sY9lYpF4lYPY+qF2BMsYAS1se7aPso28riPnVzeKThT2cvgziF/9TGufj+cjCud3Ge7G5EkpEITjkq1XCfWXopSM8LpKNtOFI2RDLBHWwYFhlR56XTikX1mnK4dRNI8oe2p+7sjxVCpYeibyhB1Xy1mE/O/rJXooOSlTMSJpoLMPgoSbuvInqxvd5mkRPOhASSSmVlt0keJRJsjZc0R3MWVl6F+UXCLhWLVyZdLMFMGjuEUzsGFSyjDDVSgBgQEPMIzvFjKerJerbdZ6Yo17zmCP7LefwBSrZUa</latexit>

ω̄

0.1

0.2

0.3

0.4

0.5

Figure 1: Optimal threshold type as a function of the outside option when G ∼ U(0, 1), H ∼
U(−0.2, 1), f = 0.4, and β = 2.

If the platform’s outside option exceeds ᾱ, then setting the threshold equal to the outside option

τ∗ = α leads the seller to set ∆∗
1 = δ, clearly maximizing platform profits. If τ = ᾱ , the seller sets

∆∗
1 = δ and thus all period 1 sales are transacted on the platform.

There is a range of values of τ > α at which the seller sets ∆∗
1 = δ , creating a kink in the

platform’s profit function. The platform may, therefore, choose τ∗ = ᾱ when ᾱ > α. For this case

to arise, it must be the case that Π′
platform(ᾱ) ≥ 0. This derivative is decreasing in α. The smallest

value of the outside option that induces this case is then defined as

α ≡ max

{
0, ᾱ+

∂∆∗
1

∂τ
(ᾱ) · µh(δ)

βg(ᾱ)(1−H(∆∗
2))

}
.

Since
∂∆∗

1(τ)
∂τ < 0, it is immediate that ᾱ > α . It follows that for α < α, if any such cases exist, the

seller sets its off-platform discount at ∆∗
1 > δ and makes off-platform sales.

Proposition 6. There are three possible cases for the optimal algorithm and associated seller be-

havior: (i) if α ≥ ᾱ then τ∗ = α and ∆∗
1 = δ; (ii) if α ∈ [α, ᾱ) then τ∗ = ᾱ and ∆∗

1 = δ; (iii) if

α < α then τ∗ ∈ (α, α) and ∆∗
1 > δ.

Proof. For α ≥ ᾱ , following Proposition 5 then for τ = α the seller sets ∆∗
1 = δ, thus τ = α

is optimal. For α ∈ [α, ᾱ) given the quasi-concavity of platform profits and the definition of α,

Π′
platform(τ) ≥ 0 for all τ < ᾱ, and platform profits are decreasing for τ > ᾱ, thus they are

maximized at ᾱ. For α < α, given quasi-concavity of platform profits, there must be an interior

maximizer given by Eq (7) on noting is never a corner solution at τ = 0 because profit is increasing

there.

Figure 1 illustrates how the optimal threshold varies as a function of the outside option and

illustrates the general qualitative features characterized in Proposition 6.

For low outside options (corresponding to low α or A) the platform excludes some profitable

seller types in the second period to induce higher sales on the platform in the first period. For an

intermediate outside option, the induced discount is δ (foreclosing off-platform sales) and, thus, the
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Figure 2: Optimal first period discount (blue) and the myopic/second-period discount (orange)
when G ∼ U(0, 1), H ∼ U(−0.2, 1), f = 0.4, and β = 2.

platform chooses the threshold that just induces this discount. This threshold is independent of

the outside option and, thus, the plot of τ∗ is flat in this region. For high outside options, even

efficient second-period promotion, τ = α, induces ∆∗
1 = δ and so the platform sets the threshold at

the myopically (and socially) optimal level.

Figure 2 illustrates qualitative features of the first-period discount set by the seller as a function

of the outside option, as characterized by Proposition 6.

As is intuitive, the discount is decreasing in the outside option of the platform. The higher the

outside option, the higher the sales threshold chosen, leading to a lower off-platform discount. For

sufficiently large outside options, the discount becomes maximal, that is set at the level of δ which

in this example is equal to −0.2.

5.2 OPP algorithm

Suppose the platform can condition its algorithm on the seller’s off-platform price. Then, as in

the second period or in the case of a known-type seller, it can require ∆1 < δ as a prerequisite

for exposure, effectively foreclosing the off-platform channel. Moreover, the platform can perfectly

infer the seller’s type and choose to promote in the second period if and only if doing so is more

profitable; that is, if τ = α.

5.3 PPC algorithm

As described in Proposition 3, there are circumstances in which the seller would choose a higher

price off-platform than on-platform under the restricted algorithm, and in these cases, the PPC has

no bite in the second period. As a result, in these cases, the seller’s value of being featured in the

second period—along with the platform’s profit from featuring a seller of a given type—is identical

with or without a PPC.

Turning back to the first period in such cases: if, under the restricted algorithm, a seller would

again choose a negative discount (i.e., a higher off-platform price), the PPC would have no bite at

the same threshold for promotion. However, the platform may benefit from reducing τ , with less
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concern that this would induce a larger off-platform discount, since the PPC limits this discount. We

can write the resulting discount as ∆PPC
1 (T ) = min{0,∆∗

1(T )}. This suggests that the platform can

lower τ , bringing it closer to α, thereby improving promotion efficiency while mitigating concerns

about sales channel inefficiency.

Of course, the same logic applies if the seller would choose a positive discount under the optimal

threshold for the restricted algorithm: the PPC would then ensure that prices are identical on- and

off-platform, again eliminating sales channel inefficiency.

The analysis in which the PPC also binds in the second period is more involved, since the

seller (and platform) now expects second-period profits that differ from those under the restricted

algorithm. Consequently, the maximization problems faced by both the seller and the platform are

altered, and their responses to changes in the promotion threshold differ. In principle, this leads to

a more complex problem.

Analogous to Equation (6), for example, we can write:

µπ(min{0,∆∗
2}) = max

∆1∈[0,∆̄T ]

{
µπ(∆1) + βπ(min{0,∆∗

2})
∫ 1

T
1−H(∆1)

θg(θ) dθ

}
. (9)

This expression reflects both of the aforementioned changes: the adjusted second-period profit term

on the right-hand side, and the restricted domain over which the maximization is taken.

Accordingly, we introduce the notation T
PPC

and β̂PPC as natural analogues to those defining

corner solutions in the restricted algorithm case.

We return to this characterization and notation in our welfare analysis below, but note that

central forces discussed above remain. In particular, a PPC—when binding—brings on- and off-

platform prices together, eliminating sales-channel misallocation, and can reduce discounts without

requiring threshold manipulation, thereby improving promotion efficiency.

6 Welfare analysis

The discussion above highlights two key forces that influence welfare and serve as potential sources

of inefficiency in our setting. First, there is misallocation across sales channels, whereby consumers

may purchase through a channel that offers lower value when on- and off-platform prices differ.

Second, the platform may choose not to feature a seller even when doing so would generate greater

social value than featuring the alternative.

To evaluate this second source of inefficiency—and to conduct a broader welfare analysis—we

must take a stance on the welfare implications of the platform’s outside option.

Before we do so, it is convenient to introduce notation for the off-platform consumer disutility

(per interested consumer), suffered through purchasing off-platform rather than directly from the

platform (which may be negative), given a discount ∆:

CD(∆) ≡
∫ ∆

δ
δh(δ) dδ.
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To the extent that the platform’s alternative to featuring a given seller is to feature some other

seller, both the platform’s profit and the associated welfare impact of this alternative may vary

depending on the type of algorithm the platform is allowed to use. That is, when comparing

the restricted algorithm with an OPP or PPC algorithm, the value of the alternative, A, may

differ—leading us to define corresponding terms AOFF and APPC , each of which may generate

different welfare and consumer surplus outcomes.

In this context, a natural benchmark is to assume that the alternative is a known seller of type

α. Then, in the relevant second period,

AOFF = α(1−H(∆∗
2)),

with no consumer surplus or disutility under the OPP algorithm, since there are no off-platform

sales (that is, CD(δ) = 0). Under the PPC algorithm,

APPC = α(1−H(max{0,∆∗
2})),

with associated consumer disutility given by CD(max{0,∆∗
2}).27

Total welfare across both periods under the restricted algorithm can be written as:

W ∗ = µ(1− CD(∆∗
1)) + β(1− CD(∆∗

2))

(∫ 1

τ∗
θg(θ) dθ +G(τ∗)α

)
This follows from the observation that, in the first period, there are expected to be µ interested

consumers, and the surplus associated with each is given by the value of the platform (1), minus

any consumer disutility from off-platform purchases (CD(∆∗
1)). The corresponding expression for

the second period includes a final term in brackets, which can be interpreted as the likelihood that

a consumer is interested in the featured product. This term captures both the probability and

conditional expectation associated with a seller being featured in the second period, as well as the

corresponding terms for the alternative option being featured instead.

For the OPP algorithm, which forecloses the off-platform channel in both periods and features

a seller in the second period if and only if it is better than the alternative, welfare is given by:

WOPP = µ+ β

(∫ 1

α
θg(θ) dθ + αG(α)

)
.

Similarly, for the PPC algorithm, we can write:

WPPC = µ(1− CD(∆PPC
1 ) + β(1− CD(∆PPC

2 )

(∫ 1

τ∗PPC

θg(θ) dθ + αG(τ∗PPC)

)
,

where the notation τ∗PPC and ∆PPC
t reflect that the threshold for promotion and the seller’s first-

27We characterize these expressions for the second period, since our focus is on the distortion associated with
featuring the seller in that period and its relation to the extent of sales-channel misallocation.
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period discount under the optimal PPC algorithm may differ from those of the restricted algorithm.

6.1 Comparing the restricted and OPP algorithm

We begin by writing the difference in welfare in these two cases.

WOPP −W ∗ = µCD(∆∗
1) + β

[
CD(∆∗

2)

(
αG(τ∗) +

∫ 1

τ∗
θg(θ) dθ

)
+

∫ τ∗

α
θg(θ) dθ

]

There are two key differences between these scenarios. First, the OPP algorithm eliminates the

consumer disutility from the alternative (off-platform) channel, which may or may not be welfare-

improving depending on the value of δ. Second, it always leads to more efficient promotion of sellers:

since τ∗ ≥ α, the final term in the welfare expression is positive. Indeed, the OPP algorithm always

maximizes promotion efficiency.

If δ = 0, then both CD(∆∗
1) and CD(∆∗

2) are positive, so eliminating them is unambiguously

beneficial. In this case, any off-platform purchase is inefficient, and the OPP algorithm—by foreclos-

ing the off-platform channel—eliminates sales-channel misallocation. Thus, when δ = 0, the OPP

algorithm, by both eliminating sales-channel inefficiency and maximizing promotion efficiency, en-

sures maximal welfare.

However, when δ < 0, these results no longer necessarily hold—and it is straightforward to

construct counterexamples. In general, there may be a trade-off between promotion efficiency

(which is maximized by the OPP algorithm) and sales-channel efficiency (where the comparison

between the two algorithms depends on parameters).

We summarize this discussion as follows.

Proposition 7. For δ = 0 , the OPP algorithm maximizes welfare and therefore increases social

welfare relative to the restricted algorithm. For δ < 0, the welfare associated with the OPP algorithm

may be higher or lower.

Proof. See discussion above.

Figure 3 compares welfare outcomes, showing first-best welfare (which, of course, dominates the

alternatives) alongside welfare under the OPP algorithm and welfare under the restricted algorithm,

as functions of the outside option α. As expected, the higher the quality of the alternative seller that

might be featured, the higher the first-best welfare. Similarly, welfare under the OPP algorithm

also increases in α.

The OPP algorithm always eliminates all off-platform consumer disutility and achieves efficient

promotion (and thus will feature the outside option in the second period more often as the quality

of this outside option improves). By contrast, under the restricted algorithm, welfare can fall in α

over a range where promotion inefficiency worsens. In this example, the OPP algorithm dominates

the restricted algorithm when α is intermediate and the promotion distortion associated with the

restricted algorithm is significant. However, for high α the restricted algorithm generates higher
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Figure 3: Welfare in the first-best (dashed gray), restricted algorithm (blue) and OPP algorithm
(orange) as functions of the outside option. G ∼ U(0, 1), H ∼ U(−0.2, 1), f = 0.4, and β = 2.

welfare: at sufficiently high α, both algorithms foreclose the off-platform channel in the first period

and promote efficiently, but in the second period the OPP algorithm induces greater sales-channel

misallocation. The dominance of OPP in the intermediate range illustrates that simply prohibiting

algorithms from relying on off-platform prices is not an unambiguously beneficial policy.

6.2 Comparing the restricted and PPC algorithm

Trivially, in cases where the PPC has no bite in any period, outcomes are identical to those under

the restricted algorithm, and both consumer surplus and welfare are unchanged.

Almost as immediate is the case where δ = 0. Here, the seller would never choose a negative

discount, as this would imply setting a higher off-platform price, which is strictly suboptimal. Thus,

the PPC would bind in both periods. Moreover, in this case, no consumer would buy off-platform,

since doing so would entail paying the same price as on the platform while incurring a strict disutility

δ > 0. Therefore, the PPC would fully foreclose off-platform sales and function identically to the

OPP algorithm. As in the first part of Proposition 7, and for the same reasons, the PPC algorithm

maximizes welfare in this case. Proposition 8 below further suggests that the PPC can maximize

welfare in a broader set of environments.

As discussed in Section 5.3, the optimal PPC algorithm may constrain prices, even if it would

not do so under the threshold chosen by the restricted algorithm. If ∆∗
2 ≤ 0 without PPC (which

implies that also ∆∗
1 < 0 following Proposition 5), and in response to PPC the platform adjusts

the threshold, then the PPC must bind at the new threshold, ∆PPC
1 (τPPC) = 0 . Moreover, in

such a case, the platform necessarily sets an efficient threshold τPPC = α, as can be seen in the

proof of Proposition 8 , below. This means that PPC induces efficient channel allocation in the

first period and efficient promotion in the second. If, instead, the platform chooses not to adjust

the threshold, which happens if restricted algorithm profits are higher than the profits associated

with ∆PPC
1 (τPPC) = 0 and τPPC = α, then PPC has no effect.

More interesting cases involve δ < 0 (so that some consumers prefer buying off-platform) and

where ∆∗
2 > 0 (so that PPC binds in the second period). In this case, since the PPC reduces
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the seller’s second-period profit (that is, π(0) < π∗
2), career concerns are lessened, and the seller

would set a higher discount in the first period. This can be seen from the new FOC for the interior

solution, which can be compared to 6 and uses π(0) rather than π∗
2 in the numerator of the final

term.

∆1 = f − H(∆1)

h(∆1)
−

βπ(0)r
(

T
(1−H(∆1))

)
µ(1−H(∆1))

. (10)

The following is immediate.

Lemma 4. Suppose the seller’s type is unknown, δ < 0, T ≤ T̄PPC , and under the restricted

algorithm ∆∗
2 > 0. If β ≥ β̂PPC , then ∆PPC

1 = δ; otherwise, ∆PPC
1 solves (10) or is set to 0 if the

solution is positive.

For a given sales threshold, T we can see that efficiency is increased by PPC everywhere. If under

the restricted algorithm ∆∗
1 ≥ 0, then the PPC algorithm either sets ∆PPC

1 = 0, or 0 ≥ ∆PPC
1 > ∆∗

1.

In either case, misallocation across channels is necessarily reduced.

Note, however, the PPC also affects the platform’s optimal threshold and, therefore, promotion

efficiency. For a given ∆1, the platform cares more about the second period because it retains

higher demand in the second period; 1−H(0) > 1−H(∆∗
2), this suggests that it would adjust the

threshold in the direction of α raising promotion efficiency.

In general, the platform has to take into account not only the corner solution of the seller’s

problem at δ but also a new corner solution at 0 induced by PPC. We write the platform’s problem

as

ΠPlatform(T ) = f

[
µ
(
1−H

(
∆PPC

1 (T )
))

+

β

(
αG

(
T

1−H
(
∆PPC

1 (T )
))+

∫ 1

T

1−H(∆PPC
1 (T ))

θg(θ) dθ

)
(1−H(0))

]
.

We focus on two interesting special cases. First, we will study what happens if PPC fully achieves

its goal in that it binds in both periods (after the platform has adjusted the threshold optimally).

Second, we study the situation where equilibrium pricing is interior for the seller, ∆PPC
1 (τPPC) ∈

(δ, 0), and the platform’s threshold is also interior, TPPC < T̄PPC .

Proposition 8. If PPC binds in both periods, then τPPC = α and the PPC algorithm maximizes

welfare.

Proof. If the platform optimally sets τ such that PPC binds, ∆PPC
1 = 0, then τPPC = α must

hold. If it does not, then consider τPPC < α. This cannot be optimal because increasing τ

improves second-period profits and also (weakly) decreases ∆PPC
1 by Lemma 4. Now consider

τPPC > α. Reducing τ improves second-period profits and does not alter ∆1 which remains at 0

(again by Lemma 4). Profits would rise overall, and, so, τPPC = α must hold. Since in addition to
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τPPC = α we have ∆PPC
1 = ∆PPC

2 = 0 by the supposition that PPC binds in both periods, welfare

is maximized because all distortions (both sales channel misallocation and promotion inefficiency)

are eliminated.

If under the PPC algorithm, the threshold, τ , is such that the seller sets ∆PPC
1 < 0 so that PPC

binds in period two but does not in period one, this does not necessarily mean that ∆PPC
1 = ∆∗

1

because both the seller and platform problems are altered by PPC binding in period 2.

The platform’s FOC for the interior case is

τPPC = α− ∂∆PPC
1

∂τ
(τPPC) · µh(∆PPC

1 )

βg(τPPC)(1−H(0))
.

This is analogous to the platform’s FOC in the baseline model with two differences: first, the

platform retains more of the second-period demand if it features the seller, corresponding to the

1−H(0) term; and, second, the seller’s response to a change of τ is governed by (10). The former

force suggests that the platform cares more about the future and, so, has a diminished incentive to

distort the threshold as discussed above. The latter force is in general ambiguous, but for uniform H

we can show that it goes in the same direction: reducing the seller’s second-period profits (through

the PPC) makes the seller’s optimal first-period discount less responsive to the threshold, τ , in

absolute magnitude, thus reducing τ further.

Proposition 9. Assume that H is uniform and that the first-period discount is interior with or

without a PPC; that is, ∆∗
1,∆

PPC
1 ∈ (δ, 0). Then τPPC < τ∗ and ∆PPC

1 > ∆∗
1, so imposing a PPC

increases welfare compared to the restricted algorithm. OPP algorithm may be better or worse than

either PPC or the restricted algorithm.

Proof. See Appendix A.3

Taken together, the results above highlight many cases in which a PPC can either maximize

welfare or improve upon the restricted algorithm. Intuitively, a binding PPC brings on- and off-

platform channel prices together, eliminating sales-channel inefficiency. As argued above, it often

does so in a way that also eliminates or reduces promotion inefficiency.

Figure 4 illustrates welfare comparisons for the uniform case. For these parameters, the PPC

binds in the second period and leads to equal on- and off-platform prices, whereas without the PPC

the discount would be positive.28

As in Proposition 8, for low α the PPC binds in both periods, so that τPPC = α and first-best

welfare obtains.29 The discrete drop in the WPPC curve occurs when α is high enough that the

platform abandons the efficient promotion threshold and the PPC-induced zero discount. Instead,

the platform profitably distorts τ to the level it would have chosen if the PPC applied only in

28Specifically, it would be 0.1, as can be seen from Figures 2 and 1, which plot discounts and thresholds for the
same parameters in the baseline model.

29For α close to zero, ∆∗
1 is close to ∆∗

2, which in turn is positive by assumption.
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Figure 4: Welfare in the first-best (dashed gray), restricted algorithm (blue) and PPC algorithm
(orange) as functions of the outside option. G ∼ U(0, 1), H ∼ U(−0.2, 1), f = 0.4, and β = 2.

period 2, while gaining from inducing a negative period 1 discount—that is, a higher off-platform

price than the on-platform price.30

Because even in this case there is less promotion distortion with PPC, the seller responds with

a larger (i.e., closer to zero) discount. Consequently, just after the drop, the orange curve lies above

the blue one. This is consistent with Proposition 9, which compares welfare when discounts (and

thus thresholds) are interior in both cases.

As the figure shows, in this example the PPC algorithm dominates the restricted algorithm for all

α, including values outside the scope of Propositions 8 and 9, such as where both curves slope upward

for α ∈ [αPPC , ᾱ].31 In that range, under both regimes, the seller diverts all sales to the platform,

but the PPC algorithm achieves this with a more distortive threshold. Nevertheless, the PPC

algorithm still delivers higher welfare because it generates lower sales-channel misallocation in the

second period—in fact, it eliminates it entirely. This latter effect outweighs the greater promotion

inefficiency of the PPC algorithm, keeping the orange curve above the blue curve throughout.

7 Extensions

The core insights of the model—concerning how ranking algorithms affect off-platform pricing and

seller selection—remain robust across various extensions. While additional considerations may arise

in richer settings, the key forces we identify are grounded in the model’s primitives and continue to

operate in natural generalizations.

In particular, our framework highlights how algorithmic design can induce sales-channel mis-

allocation through its impact on off-platform prices, including via career-concerns-like incentives.

It also shows how algorithms influence promotion efficiency through their determination of rank-

ings. These mechanisms are not specific to our baseline assumptions and carry over to extended

30As α increases, setting τ = α leads to a lower discount than the seller would choose in the absence of PPC. For
sufficiently high α, the discount is close enough to zero so that the PPC’s impact is minimal, making it profitable to
set a much higher threshold—one that would have been optimal without PPC in period 1.

31This ordering is clearly example-specific and may change with different parameters or functional forms, which is
why we cannot state that the PPC algorithm always improves welfare.
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environments.

Furthermore, some welfare properties of the PPC and OPP algorithms follow almost directly

from their definitions. A PPC, by equalizing on- and off-platform prices, reduces sales-channel mis-

allocation by construction. An OPP algorithm, which removes the off-platform option altogether,

avoids the need to distort the promotion threshold and thus maximizes promotion efficiency. These

intuitions—highlighted and clarified in our baseline analysis—provide a foundation for understand-

ing the role of algorithmic design in a broader class of settings.

7.1 Alternative fee structures

Our model is not well-suited for a rich analysis of endogenous fee-setting, given the simplifying

assumption that all interested consumers have unit demand and share a common valuation for the

product. In this setting, it is immediate that an OPP algorithm would choose a fee of f = 1,

extracting the full surplus. Similarly, the PPC algorithm would also extract full surplus in many

cases. In particular, in this context, fee-setting does not affect our welfare conclusions: both the

OPP and PPC algorithms maximize welfare (as shown in Propositions 7 and 8) at any fee level up

to this threshold, provided that δ = 0.

Of course, in practice, fee-setting is shaped by many additional considerations. These include

competitive pressures, regulatory concerns, and the use of uniform fees across a broad range of

products that may differ substantially in their cost-to-valuation ratios. Such forces, which are not

addressed in our model, may constrain fee levels in important ways.

With a per-unit fee, because of the unit demand, nothing of substance changes in our analysis.

The platform still looks to maximize on-platform sales, and so the per-unit fee would enter our

expressions, for example 6, in a way identical to the proportionate fee.

When fees are fixed—so that the platform earns the same amount regardless of whether a sale

occurs on- or off-platform—the platform does not care about the type of the seller beyond their

willingness to pay the fee. This makes the notion of rankings and the algorithms that allocate them

somewhat moot. In this context, perhaps fee determination through auctions is a more interesting

question, but one beyond the scope of our analysis.32

7.2 Off-platform fees

In this section, we explore the possibility that the off-platform channel is itself another platform

that charges a fee f0 < f . We do not allow this alternative platform to attract new consumers;

though, of course, a more symmetric treatment in which multiple platforms serve as venues both for

product discovery and as sales channels would be an interesting extension. Instead, as in the baseline

model, we assume that consumers learn about the product only through the primary platform. One

can think of Shopify.com as an example of this kind of “enabler” platform—one that facilitates

transactions but does not itself generate consumer traffic.

32In Bar-Isaac and Shelegia (2024) we addressed the question of whether to use an ad auction or an algorithm with
a proportionate fee in a model without learning.
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Given fees on the primary and enable platforms, the seller’s profit per consumer is given by

(1−H(∆))(1− f) +H(∆)((1−∆)(1− f0)). This can be written as

(1− f0)

[
(1−H(∆))

(
1− f − f0

1− f0

)
+H(∆)(1−∆)

]
.

Thus the analysis of seller behavior above (in Sections 3 4, 4) can be applied directly but under

an adjusted fee f̃ ≡ f−f0
1−f0

.33 Since f̃ is decreasing in f0, its increase has the same effect on the

seller’s behavior for a given threshold τ as a reduction in f does. As we know from the platform’s

optimization over T , it depends on f only through ∆∗
1, thus the same change of variable can be

applied throughout. Consequently, not only can the characterization results be readily modified

but our welfare results from Section 6 apply directly.

Following the discussion above, comparative statics on f0 are the inverse of those on f . In the

second period, increasing f0 induces the seller to decrease the discount, which harms consumers but

may or may not increase welfare.34 The effect on the first-period interior discount of an unknown

seller type is more nuanced, even when the platform threshold is held constant.35 On the one hand,

increasing f0 (reducing f̃ ) reduces π∗
2, making being retained in period 2 less attractive, and thereby

putting upward pressure on ∆1. On the other hand, for the same reason as in period 2, reducing

the discount becomes more profitable in period 1. In addition to these two effects, f0 affects the

platform’s threshold-setting incentives because it changes how ∆∗
1 responds to τ on the margin.

Thus, the overall effect on ∆∗
1 is, in general, ambiguous.36

7.3 Repeat purchases

In many marketplaces, consumers who discover sellers in one period return to their direct channel

for repeat purchases, bypassing the platform where they discovered these sellers. Platforms exert

efforts to avoid such disintermediation by not allowing sellers and buyers to interact to the extent

possible.37 In this section, we will explore the effect of repeat purchases in our environment.

In order to maintain the two-period assumption, and in line with the fact that it’s the first-

period consumers that play a key role for learning, we assume that only first-period consumers are

interested in repurchasing the good in period two. Otherwise, the model is unaltered. We assume

that repeat consumers retain both of their characteristics across periods(that is, whether they find

the good of the seller appealing, and the disutility they suffer from purchasing off-platform).

There are two plausible modeling choices appropriate for different settings: either all consumers

who purchase in period one can go directly to the seller’s off-platform offering (natural in service

33The way to understand this adjusted fee is to think that the relative share of the revenue that the seller keeps on
the platform compared to off-platform is 1−f

1−f0
which then leads to the effective fee f̃ = 1− 1−f

1−f0
.

34Welfare in the second period goes up with f0 if f̃ > H(0)
h(0)

and goes down otherwise.
35If ∆∗

1 = δ, then there is no effect.
36For H uniform, as can be seen from (14), increasing f0 reduces period 1 discount for a constant τ , and τ is

independent of f0, thus the discount falls in both periods.
37For a wide-ranging discussion and analysis of the use of fees but not algorithms in such a context, see Enache and

Rhodes (2025)
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sectors where the purchase results in a visit to the seller) or only those who buy off-platform in the

first period can bypass the platform in period 2.

We focus on the former assumption, which leads to a neutrality result. To simplify, we assume

that repeat consumers do not engage with any of the platform algorithms in period 2. If they do not

have a match with the seller in period 1, either they do not return to the platform, or, if they do,

they get the same price as “fresh” visitors in period 2, and buy wherever the net utility is higher.

For a given threshold T , the seller’s profits over the two periods are

Πseller(∆1,∆2, T ) = µπ(∆1) + βπ(∆2)

∫ 1

min
{
1, T

(1−H(∆1))

} θg(θ) dθ + π(∆2)µ.

Note that repeat consumers return to the seller whether or not it is featured.38 Their presence does

not alter second-period pricing, where ∆∗
2 remains optimal.

Similarly, the platform’s profits can be written as follows

Πplatform(T ) = f

[
µ(1−H(∆∗

1(T )) + β

(
αG

(
T

(1−H(∆∗
1(T ))

)

+

∫ 1

T
(1−H(∆∗

1(T ))

θg(θ)dθ

)
(1−H(∆∗

2)) + µ(1−H(∆∗
2))

]
.

Clearly, the presence of repeat consumers does not alter the seller’s or the platform’s optimization

problem: for both, repeat consumers simply generate an additional fixed profit. Thus, our baseline

analysis applies without modification.

7.4 Seller knows its type

In this section we allow the seller to know its type θ. First, it is relatively straightforward to show

that with appropriate beliefs no signaling takes place, so the seller of any type will set pt = 1 in

both periods on the platform.39 The intuition is that the seller’s pricing incentives are independent

of its type, which merely scales demand for any given price.

We proceed by examining off-platform pricing, assuming that the platform uses a threshold T .

While this threshold need not be optimal in this setting, it facilitates comparison with the baseline

model. To further simplify, we assume β ≥ 1, which ensures that any seller with θ > T has the

incentive to meet the threshold.

Following our analysis in Section 4, it is clear that the seller will use the following strategy:

if θ ≤ T or θ > T
1−H(∆∗

2)
then ∆1 = ∆∗

2 ; that is, if the seller cannot meet the threshold even if

diverting all sales, or the myopic discount allows it to meet the threshold, it simply chooses the

38In writing the expression, we assume that the product is available on the platform, but not seen by fresh consumers,
if not featured and we interpret β as representing the masses of different consumer populations rather than involving
any discounting.

39Assume the platform holds passive beliefs regarding ∆t and θ for any pt, and promotes the seller if pt = 1. Any
deviation from pt = 1 is then unprofitable.
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myopic discount. Otherwise, it will set the first period discount at a level that allows it to just

meet the threshold, ∆1 = H−1(1 − T/θ), so all these intermediate types bunch at the sales target

T. Given such pricing by the various seller types, the platform’s profits are given by

Πplatform = f

[
(1−H(∆∗

2))

∫ T

0
θg(θ) dθ + T

∫ min

{
T

1−H(∆∗
2)

,1

}
T

g(θ) dθ

+ (1−H(∆∗
2))

∫ 1

min

{
T

1−H(∆∗
2)

,1

} θg(θ) dθ + β(1−H(∆∗
2))

(
αG(T ) +

∫ 1

T
θg(θ) dθ

)]

The first-order condition at an interior threshold (assuming T ∗ < 1−H(∆∗
2)) takes a new form:

βg(T )(1−H(∆∗
2))(α− T ) +

(
G

(
T

1−H(∆∗
2)

)
−G(T )

)
− Tg(T )H(∆∗

2) = 0. (11)

The first term in (11) reflects a familiar incentive in the second period where, in the absence of

the effect T has on ∆∗
1, the platform would set T at α.40 The second term in brackets reflects

the mass of sellers’ types who bunch at T , thus giving the platform extra sales when T is higher.

The last term reflects the losses from the types who, instead of bunching at the threshold (and the

marginal such type does so by diverting all sales to the platform), give up on trying to attain this

sales threshold and take a fraction H(∆∗
2) of consumers off the platform. The combined effect of

the last two terms may be positive or negative, thus T may be distorted upwards or downwards

depending on g(·), just as in the base model where we assumed θ2g(θ) is increasing to obtain that

the distortion is upwards. If g(·) is non-decreasing (e.g. the uniform distribution) then the two

terms are strictly positive; thus, the threshold is distorted upwards if g(·) is not too decreasing.

In this version of the model, familiar trade-offs between sales channel misallocation and promo-

tion efficiency arise as in the baseline model.

The effect of OPP and PPC algorithms is also similar. OPP leads to ∆OPP
1 = ∆OPP

2 = 0 and

τOPP = α.

PPC has no effect if ∆∗
2 ≤ 0. If, instead, ∆∗

2 > 0 without PPC, then ∆PPC
2 = 0. In the first

period, for a given threshold T the seller sets ∆1 = 0 if θ < T or θ > T
1−H(0) , and otherwise sets

∆1 = H−1(1 − T/θ) as without PPC. Thus, PPC reduces the discount for all cases, strictly so for

T /∈ (T, T/(1−H(0))).

Welfare effects are also familiar. For instance, if δ = 0 then both OPP and PPC achieve first-

best welfare by inducing ∆1 = ∆2 = 0 and τ = α. If δ < 0 then OPP may or may not improve

welfare depending on whether it sufficiently worsens channel misallocation or not. As before, if PPC

binds in both periods (once the threshold has been optimally adjusted), it will necessarily achieve

first-best because τPPC = α must hold.41

40In this setting T ends up being the threshold type as well.
41The proof is similar to the case where the seller does not observe its type. As there, if PPC binds in period 1,

then τ ̸= α cannot be optimal.
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7.5 Downward-sloping demand

As in the main model, suppose each consumer has unit demand and gets utility v−p on the platform

and v − p̃− δ off the platform and that all consumers have an outside option of 0. But in contrast

with the main model, suppose that consumers are heterogeneous in their (on-platform) valuations

for the good, v, leading to a downward-sloping demand on the platform. Suppose that v and δ are

independent with well-behaved CDFs H(δ) and F (p), where we denote q(p) ≡ 1− F (p).42

The seller’s second-period profits are

(p2 −∆2)

∫ ∆2

δ
q(p2 + δ −∆2)h(δ) dδ + (1− f)(1−H(∆2))q(p2)p2,

As we explain below, the algorithm will be able to dictate p2, thus the seller’s only choice variable

is ∆2. Its first-order condition with respect to ∆2 is

∆2 = fp2 −

∫ ∆2

δ [q(p2 −∆2 + δ) + (p2 −∆2)q
′(p2 −∆2 + δ)]h(δ) dδ

q(p2)h(∆2)
.

Note that the optimal off-platform price for a given on-platform price is below the one that maxi-

mizes off-platform profits because a higher discount diverts sales from the platform (where the seller

incurs the fee).43

The platform’s second period profits are proportional to on-platform sales, q(p2)(1 − H(∆2)).

The algorithm can effectively dictate p2 by threatening not to feature the seller if it chooses a

different price on the platform. In effect, the platform is a price leader who sets p2 and the seller is

a price follower who reacts with ∆2. Thus, the platform maximizes its profits with respect to p2,

taking into account how ∆2 is set by the seller, yielding the first order condition:

p2 =
q(p2)

−q′(p2) + q(p2)
h(∆2)

1−H(∆2)
∂∆2
∂p2

where ∂∆2
∂p2

is implicitly defined by the seller’s first-order condition, as above.

If ∂∆2
∂p2

> 0, as is the case for H uniform and q(p) = 1 − p, then the on-platform price that the

algorithm induces is below the revenue-maximizing price because lowering p2 induces the seller to

set a lower off-platform discount and therefore shifts demand to the platform.44

If ∆2 < 0, then increasing f improves the allocation between channels but also creates a dead-

weight loss. In our baseline setting, this latter effect is absent, so such an increase in f is always

welfare-improving, whereas in the more general case considered here, it may not be.

42This model is equivalent to the one where all consumers share the same downward-sloping demand q(p) and δ is
a disutility of purchasing off platform per unit purchased.

43This condition generalizes (2) which obtains by setting q(p) = 1.
44In the baseline model with identical consumers, the revenue-maximizing price is 1. In general, for the same reason

as here, in the baseline model the platform may choose to force p2 < 1 in order to induce a lower off-platform discount.
Appendix A.1 outlines conditions where this is not the case, e.g. H is uniform. Since demand is downward-sloping
here, no such corner solution is available.
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Under the OPP algorithm, the outcome is simpler. First, the platform forecloses off-platform

sales by requiring ∆2 < δ. Second, to maximize on-platform sales, the algorithm induces the seller

to set p2 at the revenue-maximizing level, which—as argued above—is higher than the price under

the restricted algorithm. Consequently, the on-platform price is higher, raising deadweight loss,

while off-platform sales are foreclosed. The latter could either increase or decrease sales-channel

misallocation relative to the restricted algorithm.

The PPC case is more involved here than in the earlier analysis. Even if ∆∗
2 ≤ 0 under the

restricted algorithm, the platform may wish to induce a different p2 so that ∆2 ≥ 0 binds under

PPC.45 If the PPC binds at the platform-optimal p2 and
∂∆2
∂p2

> 0, then pPPC
2 is optimally set at the

revenue-maximizing level. Increasing p2 from a lower level would not change the discount (which

remains at 0) but would raise platform revenues. If PPC does not bind, then necessarily pPPC
2 and

∆PPC
2 are set at the same level as under the restricted algorithm.

If δ = 0, then while the OPP and PPC algorithms are equivalent, it is no longer clear that they

deliver higher welfare than the restricted algorithm. The reason is that with downward-sloping

demand, welfare depends not only on the price difference across channels but also on the absolute

price level. With the OPP or PPC algorithm, the platform would induce the seller to set p2 at the

revenue-maximizing level, which is higher than the price under the restricted algorithm if ∂∆2
∂p2

> 0,

and shut down off-platform sales. The latter effect, just as in our baseline model, eliminates sales

channel misallocation. However, the price effect introduces deadweight loss. Consequently, overall

welfare effects are ambiguous.

Given that even the myopic second-period pricing problem is involved, incorporating downward-

sloping demand into the full analysis—with first-period pricing and learning—remains analytically

cumbersome, even though it is numerically tractable.

8 Conclusion

We have presented a novel model of algorithmic learning that embeds a career concerns framework

within a model of platform disintermediation. We have shown that learning algorithms can be used

to influence sellers’ pricing strategies on channels outside the platform. Perhaps surprisingly, al-

lowing algorithms to directly incorporate off-platform prices into their decisions can, in some cases,

increase welfare. Our analysis highlights the roles of sales-channel misallocation and promotion

efficiency in determining these outcomes. In doing so, it contributes to the broader understanding

of how algorithm design shapes seller behavior and market efficiency in the context of online plat-

forms, revealing both potential gains and trade-offs. In particular, our results show that seemingly

simple and intuitive policies—such as banning algorithms from using price parity clauses—can have

detrimental consequences for welfare.

45This is immediate if ∆∗
2 = 0 without PPC: increasing p2 beyond the pre-PPC level p∗2 towards the revenue-

maximizing price must be optimal, since ∆2 remains equal to zero for all such prices while platform profits increase.
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A Omitted proofs and further results

A.1 The optimality of setting the on-platform price at 1

In our analysis, we assume that the p1 = p2 = 1, that is the on-platform price is set optimally

at a level that extracts consumers’ full valuation on the platform. In this appendix, we provide

conditions under which it is true. The reason why this may not be the case for the restricted

algorithm is that the on-platform price can affect the seller’s off-platform discount.

First, we show that for the uniform case the platform induces p2 = 1 via the algorithm. In the

second period, for a given p2 the seller’s discount is ∆∗
2 =

fp2+δ
2 . The platform’s period two profits

are fp2

(
1− ∆∗

2−δ
1−δ

)
= fp2

(
1− fp2−δ

2(1−δ)

)
. This is clearly increasing for all p2 ≤ 1, thus a corner

solution obtains. From the perspective of period 1, higher p2 increases the seller’s period 2 profits,

thus can only increase the platform’s period 1 profits by inducing a higher ∆∗
1.

Turning to the first period (assuming p2 = 1), the seller sets

∆∗
1 =

1

4

(
2 + fp1 + δ −

√
2β

µ
r(τ) (2− δ − f)2 + (2− δ − fp1)

2

)

The platform’s period 1 profits holding τ fixed (second-period profits are independent of p1) are

fµp1

(
1− ∆∗

1 − δ

1− δ

)
.

Substituting for ∆∗
1 and taking the derivative of this expression with respect to p1, we obtain

µf
(L− fp1) (2 + L− δ − fp1)

4L (1− δ)
,

where L ≡
√

2β
µ r(τ) (2− δ − f)2 + (2− δ − fp1)

2. This derivative is positive since fp1 ≤ 1, δ ≤ 0,

and L > fp1 . Thus, the platform will optimally induce p1 = 1.

In general, for distributions other than the uniform, we can obtain
∂∆∗

2
∂p2

implicitly from ∆2 =

fp2 − H(∆2)
h(∆2)

(generalization of (2) for p2 ≤ 1) and then find the derivative of period 2 platform

profits
∂(fp2(1−H(∆∗

2(p2)))
∂p2

. Suppose that it is positive for all p2 ≤ 1 this would ensure that the

algorithm would ensure that p2 = 1. After some algebraic manipulations, a sufficient condition is

that h(x)2(xh(x)+H(x))
2h(x)2−H(x)h′(x) +H(x) < 1 holds for the x that is the unique solution of H(x)

h(x) + x = f . For

example, for H(x) = xl with l > 0, this condition holds for all l ≤ 1, but for l > 1 we require that

f < 1
l

(
1

l+1

) 1−l
l
.

The general analysis for the first period becomes unwieldy. However, for any particular param-

eterization, it is simple to verify, at least numerically, that setting p∗1 = 1 is optimal.
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A.2 Proof of Lemma 2

The algorithm ϕ(s) induces an equilibrium discount ∆∗
1 associated with the seller’s problem. Specif-

ically, ∆∗
1 is the solution to

max
∆1∈[δ,1]

µπ(∆1) + βπ∗
2

∫ 1

0
θϕ(θ(1−H(∆1))g(θ)dθ

In this expression, the first term corresponds to the expected first-period profits (recall that µ =

E[θ]). The second term corresponds to the second period. π∗
2 is the profit per consumer who

is exposed to and likes the good. The likelihood that a consumer likes the good is θ, and the

likelihood that the good is featured in the second period, so that a consumer is exposed, is given

by ϕ(θ(1−H(∆1)) when the seller sets first-period discount ∆1. Of course, these likelihoods must

be integrated, accounting for all possible values of θ and the probabilities with which they arise.

In general, the platform’s problem is to choose the function ϕ in order to maximize its expected

profits, which are given by the following expression.

fµ(1−H(∆∗
1)) + fβ(1−H(∆∗

2))

(
α+

∫ 1

0
(θ − α)ϕ(θ(1−H(∆∗

1))g(θ)dθ

)
.

Again, the first expression corresponds to the first period in which the platform earns a fee on

the expected on-platform sales. The second expression incorporates that the platform may feature

the outside option, in which case, on-platform sales would be (1 − H(∆∗
2))α , or it may not, in

which case, there are additional sales of (θ − α)(1 −H(∆∗
2)). The platform’s expected probability

of featuring the seller of type θ is given by ϕ(θ(1 − H(∆∗
1)) where the anticipated discount ∆∗

1 is

itself a function of ϕ.

Suppose that ϕ is not a threshold strategy and maximizes the platform’s profits. There must

exist positive measure sets Σ1 and Σ2 in [0, 1] such that for any s1 ∈ Σ1 and any s2 ∈ Σ2, the

following properties hold: s1 < s2 < (1−H(∆∗
1)),

46 ϕ(s1) > 0, ϕ(s2) < 1, and∫
Σ1

g

(
s1

1−H(∆∗
1)

)
ds1 =

∫
Σ2

g

(
s2

1−H(∆∗
1)

)
ds2 > 0.

That is, Σ2 corresponds to higher types/sales levels, all elements in Σ1 have some chance of be-

ing featured, and all in Σ2 have some chance of not being featured; and for sets Σ1 and Σ2 the

corresponding types (associated with discount ∆∗
1) have equal measure.47 Let

l =

∫
Σ2

s2
1−H(∆∗

1)
g
(

s2
1−H(∆∗

1)

)
ds2∫

Σ1

s1
1−H(∆∗

1)
g
(

s1
1−H(∆∗

1)

)
ds1

46Taking ∆∗
1 as given, sales above (1−H(∆∗

1)) never arise, and so assigning ϕ(s) = 1 for s ≥ (1−H(∆∗
1)) does not

alter platform payoffs. Moreover, it can only induce lower ∆∗
1 and so would clearly be preferable for the platform.

47The existence of such sets is guaranteed by the supposition that ϕ is not threshold type, and then the measures
of Σ1 and Σ2 can be adjusted to make corresponding type measures equal.
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be a scaling factor. Using Eq (12) and that s1 < s2 for any s1 ∈ Σ1 and s2 ∈ Σ2, it follows that

l > 1. Consider a new algorithm, with associated ϕ̃(.), which is identical to ϕ(.) outside of Σ1 and

Σ2; that is ϕ̃(s) = ϕ(s) for s ∈ [0, 1]\(Σ1 ∪ Σ2). Otherwise, it is less likely to feature a seller who

generates a sales level in Σ1 and more likely to feature a seller who generates a sales level in Σ2

but does so in a way that ensures that the solution to the seller’s problem is a discount level at, or

below, the level that it would choose under ϕ(.), ∆∗
1 . In particular, ϕ̃(s) = ϕ(s) + ε for s ∈ Σ2 and

ϕ̃(s) = ϕ(s)− εl for s ∈ Σ1 where ε is sufficiently small such that ϕ(s1)− εl ≥ 1 and ϕ(s2) + ε ≤ 1

hold on respective sets.

By construction, profit for the seller from choosing ∆∗
1 is the same at ϕ(s) and ϕ̃(s). To see this,

write the difference between profits at ϕ and ϕ̃ for discount ∆1 as

M(∆1) ≡ βπ∗
2ε

[∫
Σ2

s2
1−H(∆1)

g

(
s2

1−H(∆1)

)
ds2 − l

∫
Σ1

s1
1−H(∆1)

g

(
s1

1−H(∆1)

)
ds1

]
.

From the definition of l, M(∆∗
1) = 0. Thus, the transformation does not affect profit at ∆∗

1.

For any s2 > s1,
g(xs2)
g(xs1)

is weakly decreasing in x if the elasticity of the density g, defined as
θg′(θ)
g(θ) , is weakly decreasing. Take s between Σ1 and Σ2 and consider ∆1 > ∆∗

1. Write

∫
Σ2

s2
1−H(∆1)

g
(

s2
1−H(∆1)

)
ds2∫

Σ1

s1
1−H(∆1)

g
(

s1
1−H(∆1)

)
ds1

=

∫
Σ2

s2
1−H(∆1)

g
(

s2
1−H(∆1)

)
g
(

s
1−H(∆1)

)ds2
∫
Σ1

s1
1−H(∆1)

g
(

s1
1−H(∆1)

)
g
(

s
1−H(∆1)

)ds1
<

∫
Σ2

s2
1−H(∆∗

1)

g

(
s2

1−H(∆∗
1)

)
g

(
s

1−H(∆∗
1)

)ds2
∫
Σ1

s1
1−H(∆∗

1)

g

(
s1

1−H(∆∗
1)

)
g

(
s

1−H(∆∗
1)

)ds1
= l

where the inequality follows from the decreasing elasticity of g(.). Thus the profit difference M(∆1)

for any ∆1 > ∆∗
1 is negative. An identical argument demonstrates that when ∆1 < ∆∗

1 it is positive.

This means that optimal ∆1 (which maximizes the seller’s profit) cannot increase.

Holding ∆∗
1 fixed (which may, thus, only fall further increasing the platform’s profits), the change

in the platform’s profits is

fα(1−H(∆∗
2))ε(l − 1)

∫
Σ1

g

(
s1

1−H(∆∗
1)

)
ds1 > 0. (12)

The platform is better off because a switch from ϕ(s) to ϕ̃(s) increases the probability of the

outside option being selected without changing the average type of the seller that is retained. We

have arrived at a contradiction.

A.3 Proof of Proposition 9

Since period 1 discount is interior in both regimes, it is given by the respective FOC. Similarly,

the optimal platform threshold is characterized by the corresponding first-order condition (FOC).
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Without PPC, FOCs were derived in (14) and (15). With PPC, instead, we get

τPPC = α+
r′(τ)

2g(τ)

√(
2−δ−f

2(1−δ−f)

)2
+ 2βr(τ)

µ(1−δ−f)

∆PPC
1 =

1

4

(
2 + δ + f − (2− δ − f)

√
1 +

4(1− δ − f)

(2− δ − f)2
· 2βr(τ)

µ

)
.

For the same τ , since 4(1−δ−f)
(2−δ−f)2

< 1, it follows that ∆PPC
1 > ∆∗

1. Moreover, since the left-hand

side of the platform’s first-order condition crosses the right-hand side from above (by the assumed

quasi-concavity), and given that f > δ, we have

1 +
2βr(τ)

µ
<

(
2− δ − f

2(1− δ − f)

)2

+
2βr(τ)

µ(1− δ − f)
.

It follows that τPPC < τ∗. Since ∆PPC
1 is decreasing in τPPC , it follows that ∆PPC

1 > ∆∗
1, even

though each is evaluated at its respective threshold.

To summarize, we have:

α < τPPC < τ∗ and ∆∗
2 > ∆PPC

2 = 0 > ∆PPC
1 > ∆∗

1.

Thus, distortions are lower under PPC in both periods, and therefore welfare must be higher with

PPC.

A.4 Proof of concavity of the platform profits for uniform H(·) and G(·)

Assume H(·) ∼ U(δ, 1) and G(·) ∼ U(0, 1). Then

Πplatform(τ) =
2− δ − f

8(1− δ)

(
1 + β

(
2 + 4ατ − 2τ2

)
+
√
1 + 4(1− δ)2βτ2

)
,

Taking the second derivative gives

Π′′
platform(τ) =

(2− δ − f)β

2(1− δ)

(
−1 +

(1− δ)2

(1 + 4(1− δ)2βτ2)3/2

)
.

Since (1− δ)2 ∈ [0, 1] we have

−1 +
(1− δ)2

(1 + 4(1− δ)2βτ2)3/2
< 0.

It follows that

Π′′
platform(τ) < 0 for all τ ∈ (0, 1].
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B Uniform H(·)

In this appendix, we restrict attention to the case in which δ ∼ H(·) = U(δ, 1) with δ ∈ [−1, 0]. This

allows for some simpler characterizations used to verify assumptions and underlining our numerical

illustrations.

B.1 Analogs of Section 3 results

For the second period, it can be verified that ∆∗
2 = (f + δ)/2 and π∗

2 = (2−δ−f)2

4(1−δ) . Note that

even if f = 1 (the highest possible fee by assumption), whereby the seller makes zero profits on

the platform, it nevertheless chooses not to give such a large discount that all consumers buy

off-platform, preferring instead to charge a higher price and sell to fewer consumers. Welfare is

maximized at f = −δ and consumer surplus is maximized at f = 1.48 If the platform can set the

fee optimally, then it would choose f∗ = 1 − δ
2 . Even though the market is covered, the platform

chooses an interior fee which balances higher fee vs leakage off platform.

B.2 Analogs of Section 4 results

For the known type, the first period discount is given by ∆1 = 1− (1− δ)Tθ if T
θ ∈

(
2−δ−f
2(1−δ) , 1

]
and

β <
(
1− 2(1−δ)T

θ(2−f−δ)

)2
, otherwise ∆1 = (f + δ)/2.

Turning to the platform’s behavior,

β =
(f − δ)2

(2− δ − f)2

is the critical threshold such that if β ≥ β , the platform sets T ∗ = θ and subsequently the seller

sets ∆∗
1 = δ in the first period. If, instead, β < β, then the optimal sales threshold is

T ∗ =
θ
(
4− δ − f +

√
β (2− δ − f)

)
4 (1− δ)

and the corresponding discount is

∆∗
1 =

1

2

(
δ + f −

√
β (2− δ − f)

)
. (13)

B.3 Analogs of Section 5 results

For the unknown seller, the interior discount is

∆∗
1 =

1

4

(
2 + δ + f − (2− δ − f)

√
1 +

2βr(τ)

µ

)
. (14)

48Although a higher fee is ruled out by assumption, the seller may still be willing to incur a loss on platform sales,
as this is the only way to reach consumers and generate revenue from off-platform sales.
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This is readily shown to be higher than the discount for the known type in (13).

The interior platform threshold solves

τ∗ = α+
r′(τ)

2g(τ)
√
1 + 2βr(τ)

µ

. (15)

The critical threshold, ᾱ, is the smaller root of 49

r(α) =
4µ(f − δ) (1− δ)

β (2− δ − f)2
,

and α is equal to

α = max

0, ᾱ− 2µ (1− δ) (2− δ − f) r′ (ᾱ)

g (ᾱ)
(
8µ (1− δ)2 + β (2− δ − f)2 r (ᾱ)

)


49Recall that if no root exists then α = ᾱ = 1.
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