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Introduction

Ranking algorithms shape product visibility and sales.

Platforms design them strategically; regulators and policymakers are paying close attention.

Key concern: use of off-platform prices in rankings.

Another concern (predating e-commerce): Price Parity Clauses (PPCs).

New rules (DMA, DMCC) restrict what algorithms can do; some call for algorithmic audits.
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Our Core Question

How do ranking algorithms operate in a learning environment where sellers set prices on- and
off-platform?

How does an algorithm that ignores off-platform prices compare to one that uses them?

Do contractual restrictions on off-platform prices, such as PPCs, benefit consumers?
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Preview of Findings

Even without conditioning on off-platform prices, algorithms can influence cross-channel
behavior.

Sellers face “career concerns”: raising off-platform prices boosts on-platform sales and
promotion chances.

Platforms may distort promotion to exert even more from sellers.

Banning off-platform price use may lower welfare.

PPCs can improve both sales-channel allocation and promotion efficiency.
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The Model

A monopoly platform and a single seller.

The seller can sell on the platform (and pay a fee f ) or via an off-platform channel (at no fee).

The seller’s type is θ ∈ [0,1] (CDF G), which, when unknown to the platform, is also unknown
to the seller.
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The Model (2)

Consumers can only find the seller if the seller is promoted by the platform.

Consumers arrive in two periods (period 2 has a scale β ) and have two independent types of
heterogeneity:

• Product taste: probability θ that they find the product appealing, in which case WTP is
1, otherwise it is 0.

• Channel preference: Disutility δ ∈ [δ ,1] (CDF H, δ ≤ 0) from purchasing off-platform so
WTP there is 1−δ if the product is appealing.

A consumer lives for one period and buys if the best WTP minus the price is positive.
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Timing

• The platform commits to an algorithm that determines if the seller is featured in each
period.

• In period t = 1,2, the seller sets the on-platform price pt and the off-platform price p̃t.

• As per the algorithm, the seller is either featured or not.

• If the seller is featured, consumers observe pt and p̃t, decide whether to buy, and choose a
channel. Otherwise, the seller has no sales and the platform earns fA.

• At the end of the period t, both observe platform sales st. Off-platform sales are not
observed by the platform.
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Types of Algorithms

Restricted Algorithm: Uses only on-platform information (p1,p2,s1).

OPP Algorithm (Off-Platform Price): Conditions on on-platform information as well as
off-platform prices (p̃1, p̃2).

PPC Algorithm (Price Parity Clause): Excludes sellers whose off-platform price is lower than
their on-platform price; in addition, it uses on-platform information.
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Period 2 Equilibrium with Restricted Algorithm

G and H are assumed to be well-behaved, e.g. G ∼ U[0,1] and H ∼ U(δ ,1).

The algo induces on-platform price p∗2 = 1 and the seller sets off-platform discount ∆∗
2 = 1− p̃∗2

that solves
∆
∗
2 = f − H(∆∗

2)

h(∆∗
2)

.

The discount trades off losses from a lower price and savings on fees.

The ’discount’ may actually be negative – more expensive to buy off-platform (requires δ < 0).
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Period 2 Comparison with OPP and PPC

The restricted algorithm cannot affect ∆∗
2 because no future remains.

OPP pushes all sales to the platform (∆∗
2 ≤ δ )

• Sales channel efficiency requires ∆∗
2 = 0, OPP achieves it only when δ = 0.

PPC either does not bind or equalizes price across channels (∆∗
2 = 0), thus can only increase

channel efficiency.
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Period 1 Equilibrium with Known Seller Type

The platform commits to a threshold rule: it will feature the seller in period 2 if s1 exceeds a
threshold T.

If β is large (e.g. β ≥ 1) the platform shuts down off-platform sales (T∗ = θ), whereas if β is
small, the platform forces ∆1 down as much as it can, still leaving some off-platform sales.

Simple insight: the restricted algorithm may replicate the OPP/PPC algorithm by using sales
data as a mirror of off-platform price.
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Period 1 Equilibrium with Unknown Seller Type

A threshold rule is still optimal.

The platform uses first-period on-platform sales s1 = θ(1−H(∆1)) to update its belief about
the seller’s type θ (no uncertainty in equilibrium).

We convert T and A into equivalent equilibrium seller types τ and α .

The platform’s updating on θ introduces a ’career concerns’ incentive for the seller:

• Downward deviation on ∆1 increases s1, raises the probability of surpassing T and being
featured in period 2.

Due to career concerns, the seller sets a lower discount than in period 2, ∆∗
1 < ∆∗

2.
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Period 1 Equilibrium with Unknown Seller Type (2)

Naive platform would set τ = α but rational platform may end up with τ > α in order to
reinforce career concerns.

Indeed, the platform’s optimal algorithm is inefficient (τ∗ > α) unless the outside option is high.

This promotion inefficiency is due to the use of imperfect tool to raise off-platform price.

Off-platform sales may be fully choked off, but things are not as bad as with the known seller
type.

Algorithmic audit is going to be tricky - what’s wrong with the algorithm that promotes sellers
with high sales?
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Equilibrium Algorithm
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Figure: Optimal threshold as function of the outside option. G ∼ U(0,1), H ∼ U(−0.2,1), β = 2, and
f = 0.4.
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Equilibrium Discounts
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Figure: ∆∗
1 in periods 1 (blue) and 2 (orange) as functions of the outside option. G ∼ U(0,1),

H ∼ U(−0.2,1), β = 2, and f = 0.4.
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Welfare Analysis

Two key sources of inefficiency:

1 Sales-channel misallocation: Consumers may purchase through a lower-value (for them)
channel if prices differ.

2 Promotion inefficiency: The platform may not feature a seller even when it would
generate greater social value than the alternative.
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Comparing Restricted and OPP Algorithms

Proposition 1

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.

If δ = 0 the direct channel is inefficient, OPP kills it and simultaneously eliminates promotion
inefficiency. Otherwise, there’s a tradeoff between promotion and sales channel efficiency.
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Welfare with OPP
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W
FB

<latexit sha1_base64="vpIiXpfphYHE1ddhbB5IdNanvKw=">AAAB6nicbZDLSgMxFIbPeK31VnXpJliE6qLMuKjuLLhxWdFeoB1LJs20oUlmSDJCGfoIIrhQxK2P4cpHcOeDuDe9LLT1h8DH/59DzjlBzJk2rvvlLCwuLa+sZtay6xubW9u5nd2ajhJFaJVEPFKNAGvKmaRVwwynjVhRLAJO60H/YpTX76jSLJI3ZhBTX+CuZCEj2Fjrun573M7l3aI7FpoHbwr58/fC98dD66jSzn22OhFJBJWGcKx103Nj46dYGUY4HWZbiaYxJn3cpU2LEguq/XQ86hAdWqeDwkjZJw0au787Uiy0HojAVgpseno2G5n/Zc3EhGd+ymScGCrJ5KMw4chEaLQ36jBFieEDC5goZmdFpIcVJsZeJ2uP4M2uPA+1k6JXKpau3Hy5BBNlYB8OoAAenEIZLqECVSDQhXt4gmeHO4/Oi/M6KV1wpj178EfO2w8WzZFg</latexit>

W →

<latexit sha1_base64="1hlHjSOC/xK8NYj215ToDgQajkU=">AAAB+XicbVC7SgNBFJ31GeNr1dJmMAixCbsW0c5AGssVzAOyMdydzCZDZmeXmdlAWPIN/oCNhSK2tlZ+gp0fYu/kUWjigQuHc+7l3nuChDOlHefLWlldW9/YzG3lt3d29/btg8O6ilNJaI3EPJbNABTlTNCaZprTZiIpRAGnjWBQnfiNIZWKxeJWjxLajqAnWMgIaCN1bNsPQPrAkz7cZZ5XHXfsglNypsDLxJ2TwtV78fvj3j/zOvan341JGlGhCQelWq6T6HYGUjPC6Tjvp4omQAbQoy1DBURUtbPp5WN8apQuDmNpSmg8VX9PZBApNYoC0xmB7qtFbyL+57VSHV62MyaSVFNBZovClGMd40kMuMskJZqPDAEimbkVkz5IINqElTchuIsvL5P6ecktl8o3TqFSRjPk0DE6QUXkogtUQdfIQzVE0BA9oCf0bGXWo/Vivc5aV6z5zBH6A+vtB6YFl2A=</latexit>

ω̄PPCFigure: 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), β = 2, and f = 0.4.
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Comparing Restricted and PPC Algorithms

Proposition 2

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

PPC naturally pushes prices together thus eliminating sales-channel inefficiency; if it binds, it
also eliminates the promotion inefficiency because it allows the platform to promote efficiently.
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Welfare with PPC

<latexit sha1_base64="IB/vu0KBfESG534ykQHQdZnHDPM=">AAAB7XicbZC7SgNBFIZn4y3GW9RSkMEgWIVdi5jOgI1lAuYCyRLOTmaTMbMzy8ysEJaU9jYWitj6Cql8CDufwZdwcik0+sPAx/+fw5xzgpgzbVz308msrK6tb2Q3c1vbO7t7+f2DhpaJIrROJJeqFYCmnAlaN8xw2ooVhSjgtBkMr6Z5844qzaS4MaOY+hH0BQsZAWOtRgd4PIBuvuAW3ZnwX/AWULh8n9S+7o8n1W7+o9OTJImoMISD1m3PjY2fgjKMcDrOdRJNYyBD6NO2RQER1X46m3aMT63Tw6FU9gmDZ+7PjhQirUdRYCsjMAO9nE3N/7J2YsKynzIRJ4YKMv8oTDg2Ek9Xxz2mKDF8ZAGIYnZWTAaggBh7oJw9gre88l9onBe9UrFUcwuVMpori47QCTpDHrpAFXSNqqiOCLpFD+gJPTvSeXRenNd5acZZ9ByiX3LevgFTWZNh</latexit>ω
0.25 0.5

f=0.4, a=0.2, beta=2

<latexit sha1_base64="RSgAfqlk4bc0bXKG51e87Xsg5O8=">AAAB7nicbZC7SgNBFIbPxluMt6ilzWAQYhN2LaKdgTSWK5hsIFnD7GQ2GTI7u8zMCmHJM4iNhSK2PoSVj2Dng9g7uRSa+MPAx/+fw5xzgoQzpW37y8qtrK6tb+Q3C1vbO7t7xf2DpopTSWiDxDyWrQArypmgDc00p61EUhwFnHrBsD7JvTsqFYvFjR4l1I9wX7CQEayN5Xm3mevWx91iya7YU6FlcOZQunwvf3/cd07dbvGz04tJGlGhCcdKtR070X6GpWaE03GhkyqaYDLEfdo2KHBElZ9Nxx2jE+P0UBhL84RGU/d3R4YjpUZRYCojrAdqMZuY/2XtVIcXfsZEkmoqyOyjMOVIx2iyO+oxSYnmIwOYSGZmRWSAJSbaXKhgjuAsrrwMzbOKU61Ur+1SrQoz5eEIjqEMDpxDDa7AhQYQGMIDPMGzlViP1ov1OivNWfOeQ/gj6+0HQX2TOQ==</latexit>

WPPC
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1.60

1.65

1.70

1.75

<latexit sha1_base64="7HXsRNYm3Qe5GxkGl9U7x+uA89g=">AAAB/3icbVC7TsMwFHXKqy2vUCQWFosKialKGApjpTIwBok+pCZUjuO0Vh0nsh2kKnRg5i9YGECIld9g4wv4CBactgO0HMnS0Tn36F4fP2FUKsv6NAorq2vrG8VSeXNre2fX3Ku0ZZwKTFo4ZrHo+kgSRjlpKaoY6SaCoMhnpOOPmrnfuSVC0phfq3FCvAgNOA0pRkpLffPATXlARB53EUuG6CZznOakb1atmjUFXCb2nFQbldL3F3u4cPrmhxvEOI0IV5ghKXu2lSgvQ0JRzMik7KaSJAiP0ID0NOUoItLLpvdP4LFWAhjGQj+u4FT9nchQJOU48vVkhNRQLnq5+J/XS1V47mWUJ6kiHM8WhSmDKoZ5GTCggmDFxpogLKi+FeIhEggrXVlZl2AvfnmZtE9rdr1Wv9Jt1MEMRXAIjsAJsMEZaIBL4IAWwOAOPIJn8GLcG0/Gq/E2Gy0Y88w++APj/Qf2sZm3</latexit>

ωPPC

<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="1hlHjSOC/xK8NYj215ToDgQajkU=">AAAB+XicbVC7SgNBFJ31GeNr1dJmMAixCbsW0c5AGssVzAOyMdydzCZDZmeXmdlAWPIN/oCNhSK2tlZ+gp0fYu/kUWjigQuHc+7l3nuChDOlHefLWlldW9/YzG3lt3d29/btg8O6ilNJaI3EPJbNABTlTNCaZprTZiIpRAGnjWBQnfiNIZWKxeJWjxLajqAnWMgIaCN1bNsPQPrAkz7cZZ5XHXfsglNypsDLxJ2TwtV78fvj3j/zOvan341JGlGhCQelWq6T6HYGUjPC6Tjvp4omQAbQoy1DBURUtbPp5WN8apQuDmNpSmg8VX9PZBApNYoC0xmB7qtFbyL+57VSHV62MyaSVFNBZovClGMd40kMuMskJZqPDAEimbkVkz5IINqElTchuIsvL5P6ecktl8o3TqFSRjPk0DE6QUXkogtUQdfIQzVE0BA9oCf0bGXWo/Vivc5aV6z5zBH6A+vtB6YFl2A=</latexit>

ω̄PPC

<latexit sha1_base64="3hI0BtgmvGc9B2oS/5qvdtWkqJw=">AAAB7XicbZDLSgMxFIbP1Futt6pLN8Ei1E2ZcVHdWRTEZQV7gbaWTJppYzPJkGSEMvQZdONCEbe+hCsfwZ0P4t70stDWHwIf/38OOef4EWfauO6Xk1pYXFpeSa9m1tY3Nrey2ztVLWNFaIVILlXdx5pyJmjFMMNpPVIUhz6nNb9/Psprd1RpJsW1GUS0FeKuYAEj2FirWrtJLs6G7WzOLbhjoXnwppA7fc9/f9w3D8vt7GezI0kcUmEIx1o3PDcyrQQrwwinw0wz1jTCpI+7tGFR4JDqVjKedogOrNNBgVT2CYPG7u+OBIdaD0LfVobY9PRsNjL/yxqxCU5aCRNRbKggk4+CmCMj0Wh11GGKEsMHFjBRzM6KSA8rTIw9UMYewZtdeR6qRwWvWCheublSESZKwx7sQx48OIYSXEIZKkDgFh7gCZ4d6Tw6L87rpDTlTHt24Y+ctx+QX5LU</latexit>

W
FB

<latexit sha1_base64="vpIiXpfphYHE1ddhbB5IdNanvKw=">AAAB6nicbZDLSgMxFIbPeK31VnXpJliE6qLMuKjuLLhxWdFeoB1LJs20oUlmSDJCGfoIIrhQxK2P4cpHcOeDuDe9LLT1h8DH/59DzjlBzJk2rvvlLCwuLa+sZtay6xubW9u5nd2ajhJFaJVEPFKNAGvKmaRVwwynjVhRLAJO60H/YpTX76jSLJI3ZhBTX+CuZCEj2Fjrun573M7l3aI7FpoHbwr58/fC98dD66jSzn22OhFJBJWGcKx103Nj46dYGUY4HWZbiaYxJn3cpU2LEguq/XQ86hAdWqeDwkjZJw0au787Uiy0HojAVgpseno2G5n/Zc3EhGd+ymScGCrJ5KMw4chEaLQ36jBFieEDC5goZmdFpIcVJsZeJ2uP4M2uPA+1k6JXKpau3Hy5BBNlYB8OoAAenEIZLqECVSDQhXt4gmeHO4/Oi/M6KV1wpj178EfO2w8WzZFg</latexit>

W →

Figure: 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), β = 2, and f = 0.4.
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Conclusion

A dynamic model in which the ranking algorithm influences seller behavior across channels.

Even a neutral/naive algorithm induces the seller to increase off-platform prices via a novel
career concerns effect.

Algorithmic design further reinforces career concerns and can go as far as replicating full PPCs.

Prohibiting platforms from using off-platform prices can reduce welfare via misallocation.

Regulation (e.g. algorithmic audits) may require detailed information on the broader market,
suggesting limited value.
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Extensions

The paper considers several extensions:

• Alternative fee structures

• Sellers who know their types

• Fees in the off-platform channel

• Repeat purchases

• Downward-sloping demand
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