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and lower operational costs, which could conceivably drive 
down prices and reduce entry barriers, although these claims 
are not supported by evidence.5

It is highly unlikely that all of these claims of procom-
petitive effects are true. First, algorithmic-pricing tools are 
marketed and sold as revenue-maximization tools.6 No pric-
ing tool could be profitable if it reduces prices in all demand 
conditions. Second, and more importantly, theoretical mod-
els which link algorithmic pricing with increased price com-
petition defy empirical reality, including because they ignore 
the effects of market power. Empirical evidence shows that, 
when real pricing algorithms are used in real markets, the 
lower prices they produce are short lived, giving way to 
higher prices over time.7 This evidence supports the very 
real concern that pricing algorithms are used to implement 
express collusion or facilitate tacit collusion.8

Understanding Algorithmic Collusion
“Algorithmic collusion” refers to a number of distinct but 
overlapping ways in which pricing algorithms may allow 
competitors to undermine price competition. Some use the 
term as a synonym for autonomous algorithmic collusion, in 
which AI-powered algorithms “learn” to avoid competition 
without being explicitly instructed to do so.9 Early empirical 
work focused on the use of Q-learning, a model-free rein-
forcement learning algorithm in which an agent learns how 
to make the best decisions through trial and error.10 More 
recent work has focused on the use of pricing agents based 
on large language models (“LLM”), a form of generative 
AI which is trained using self-supervised machine learning 
on massive amounts of text data to carry out human-like 
language processing tasks. LLM-based pricing agents are 
increasingly popular because they are much cheaper and 
more accessible to businesses than other models.11

Empirical work has shown that both Q-learning and 
LLM-based pricing algorithms consistently learn to charge 
supracompetitive prices on their own, without being pro-
grammed to do so and without communicating with each 
other about pricing strategy.12 While there is not yet a con-
sensus about whether autonomous algorithmic collusion can 
be addressed by existing antitrust laws this growing body of 
research suggests that machine-learning makes algorithms 
particularly susceptible to collusive pricing, particularly in 
oligopoly settings, and that AI-powered algorithmic pricing 
should prompt us to revisit assumptions about the self-cor-
recting power of markets, the error costs of false negatives, 
and the element of agreement under Section 1.13

A more straightforward form of algorithmic collusion is 
explicit algorithmic collusion, when the users of an algo-
rithm expressly agree to collude, and the algorithm simply 
serves as a tool to execute the agreement.14 The primary case 
exemplifying this form of algorithmic collusion is United 
States v. Topkins, in which an Amazon seller of posters 
pleaded guilty to forming a horizontal price-fixing agree-
ment with his competitors by writing computer code that 
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STROLOGISTS, NEW AGE PHILOSO-
phers, and rock-musical composers have long 
heralded the dawning of the Age of Aquarius, 
an astrological era in which mankind will be 
guided by the principles of harmony, egalitari-

anism, and understanding. But computer scientists, business 
experts, and cultural observers have more recently signaled 
the dawning of another new era—the Age of Algorithms—
in which our markets, institutions, and behaviors are guided 
by increasingly complex and pervasive automated systems. 
For the antitrust community, the dawning of the Age of 
Algorithms is synonymous with the rise of algorithmic 
pricing. While airlines, hotels, and others have been using 
yield-management software for decades, the last twelve years 
have seen an explosion in the use and sophistication of pric-
ing algorithms, most notably by online platforms and in 
housing, ride sharing, and online retail markets.1 

Proponents of algorithmic pricing contend that it cre-
ates efficiencies that give rise to procompetitive effects.2 
Some empirical evidence suggests that, by allowing price 
adjustments based on real-time data, landlords’ use of pric-
ing algorithms can make rental prices more responsive to 
market conditions, which can lead to lower rents during 
economic downturns.3 Some theoretical models also suggest 
that, by improving projections using more and higher qual-
ity data, pricing algorithms may encourage firms to cheat on 
a cartel price by deviating prices downward during times of 
high predicted demand.4 Some also argue that algorithmic 
pricing may promote non-price competition, reduce waste, 
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instructed dynamic pricing algorithms to set prices in con-
formity with the agreement.15

The third and, so far, most-litigated form of algorithmic 
collusion is the use of an algorithmic cartel manager.16 In 
this form of collusion, competitors coordinate pricing deci-
sions by relying on a shared pricing algorithm as an inter-
mediary which collects each competitors’ information and 
sets pricing rules.17 A rich body of empirical research sug-
gests that competitors’ use of the same pricing software can 
give rise to supracompetitive prices, even in the absence of 
express agreements to collude, by enabling competitors to 
shift from individual profit-maximizing strategies to joint 
profit-maximizing strategies.18

Online platforms are uniquely well suited to serving as 
cartel managers because they have access to each partic-
ipant’s pricing data and can use rules to limit price com-
petition without requiring an express horizontal agreement 
among platform participants.19 In Meyer v. Kalanick, for 
example, the Southern District of New York held that Uber 
customers had plausibly alleged that the app’s pricing algo-
rithm facilitated horizontal price fixing in violation of Sec-
tion 1 by preventing Uber drivers from competing on price 
and by using surge pricing to artificially reduce demand and 
keep prices high.20 

The use of an algorithmic cartel manager has important 
parallels to information-sharing. This was the conduct at 
issue in United States v. Agri Stats. In that case, a Minne-
sota federal court held that the Department of Justice and 
six states plausibly alleged that Agri Stats enables horizontal 
price fixing and output restrictions in the pork, chicken, and 
turkey processing industries.21 Although Agri Stats does not 
involve allegations of algorithmic pricing, it and other infor-
mation-sharing cases establish that sharing sensitive pricing 
information with a common intermediary can violate Sec-
tion 1, particularly when the pricing information is granu-
lar, non-anonymous, non-public, or forward-looking.22

To date, cases alleging the use of an algorithmic cartel 
manager have been brought in housing markets (In re Real-
Page and Duffy v. Yardi), hotel markets (Gibson v. Cendyn 
and Cornish-Adebiyi v. Caesars), and the health insurance 
reimbursement market (In re MultiPlan).23 In each case, 
plaintiffs alleged a hub-and-spoke conspiracy in which com-
petitors (the spokes) fed their non-public data to a central 
algorithmic pricing provider (the hub) and accepted the 
prices it recommended, resulting in more vacant units and 
higher prices (in the housing and hotels cases) and lower 
reimbursement rates (in MultiPlan). In each case, the main 
issue presented was whether the competitors’ conduct per-
mits the inference of a horizontal agreement between the 
competitors (the rim).

Each case turned on whether the plaintiff pleaded suf-
ficient plus factors—circumstantial evidence that indicates 
that the defendants colluded, such as high market concen-
tration or the exchange of pricing information—to support 
the inference of a horizontal rim agreement.24 In the hotel 

cases, both district courts found insufficient plus factors 
because the hotels started using the common algorithm 
years apart, did not directly share data with each other, and 
did not promise to accept the algorithm’s recommendations 
in all cases.25

In contrast, the courts in the housing cases inferred a hor-
izontal rim agreement because the landlords acted against 
their self-interest in two ways. First, they gave non-public 
pricing and occupancy data to a third party they knew was 
making pricing recommendations to their competitors. Sec-
ond, they raised prices even when doing so meant leaving 
housing units unoccupied, reducing output in a way that 
firms don’t usually do unless they are colluding.26 The court 
in MultiPlan similarly found that the insurers acted against 
their self-interest by paying below-market reimbursement 
rates to providers and sharing competitively sensitive pricing 
information with their competitors through the third-party 
hub.27

Both courts in the hotel cases and the court in MultiPlan 
also found that the lack of other plus factors was not con-
trolling considering how the relevant algorithms worked. 
Because the algorithms recommend prices to each competi-
tor based on the non-public information of the others, it did 
not matter that the competitors did not share information 
directly with each other; they still benefited from each other’s 
non-public information through their use of the algorith-
mic hub.28 And although the algorithms’ recommendations 
were discretionary, they adopted them most of the time, and 
frequently enough to reduce output and raise prices above 
competitive levels.29 The courts did not consider timing a 
decisive factor, even though the landlords started using the 
algorithm at different points over several years.

Assessing Algorithmic Collusion
Pricing algorithms present a challenge for courts because 
they have novel capabilities that enable tacit agreement in 
circumstances where it was not previously possible. Their 
ability to make complex decisions based on large inputs of 
segregated data enables firms to make decisions based on 
each other’s data without ever communicating or sharing 
data with each other. Moreover, they constantly update their 
outputs in real time based on each new input, meaning that 
firms can benefit from each other’s data even when they start 
using the algorithm years apart, and without monitoring 
each other’s behavior. Courts’ analyses in algorithmic cartel 
manager cases suggest at least three conclusions about how 
the law can account forthese novelties. 

First, the absence of plus factors such as direct communi-
cation, information sharing, and simultaneous conduct does 
not make an inference of agreement unreasonable. Courts 
have long recognized plaintiffs’ individual allegations of a 
conspiracy should not be compartmentalized, and that the 
plus-factor analysis should be holistic, with no one plus 
factor being required to infer an agreement.30 In addition, 
plus factors have synergistic probative value, such that each 
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additional plus factor reinforces the strength of the inference 
suggested by the others.31 This suggests that, when sufficient 
plus factors are present, the absence of others does not make 
the inference unreasonable.32 

Second, plus factors that suggest firms are acting against 
their independent self-interest are particularly probative of 
agreement.33 The Supreme Court has recognized that the 
purpose of Section 1 is to ensure independent centers of eco-
nomic decision-making.34 Yet economic evidence demon-
strates that shared algorithmic pricing tools may encourage 
firms to make pricing decisions that are joint profit max-
imizing.35 This suggests that courts should give particular 
weight to those plus factors that suggest firms are acting in 
ways that are not consistent with their independent self-in-
terest, such as reducing output in times of high demand.36

Finally, the characteristics that enable pricing algorithms 
to facilitate stable tacit agreements can be plus factors. Courts 
have recognized that there is no finite list of plus factors, and 
the list of plus factors must expand as technologies evolve.37 
Over the past fifty years, computer scientists have developed 
techniques that allow algorithms to create stable agreements, 
including digital signatures, cryptography, broadcasting, 
communication over private channels, and leader election, 
wherein one agent is selected as the organizer of a particular 
task.38 Although broadcasting (in the form of regular com-
munication between cartel members) and leader election (in 
the form of a cartel manager) are accounted for in the existing 
plus-factor analysis, technology experts suggest that courts 
and enforcers should add the use of digital signatures, cryp-
tography, and private channels to the list of plus factors that 
may indicate the existence of algorithmic collusion.39

Prohibiting Tacit Agreements to Collude
Faced with the realities of algorithmic pricing, some antitrust 
scholars contend that antitrust law must adapt by rehabili-
tating tacit agreement as a theory of Section 1 liability and 
expressly prohibiting algorithmic tacit collusion.40 Although 
tacit agreements to fix prices are in principle illegal under 
Section 1, they have become increasingly difficult to prove 
because of steadily heightening evidentiary standards pre-
mised on long-held assumptions that oligopolies are more 
likely to engage in interdependent pricing than to collude 
and that cartel agreements by nature are unstable.41 But con-
temporary economic scholarship suggests these assumptions 
are mistaken, and evidence shows that market concentra-
tion is associated with higher prices and long-lasting, dura-
ble cartels.42 Pricing algorithms, which use methods that 
computer scientists have developed over decades to allow 
for stable agreements among disparate actors, and which use 
opaque methods to adopt joint profit maximization strate-
gies and “learn” on their own to collude, further undermine 
those assumptions, reducing the likelihood of false positives 
and raising the costs of false negatives.43 

Long before the dawning of the Age of Algorithms, emi-
nent scholars including Judge Richard Posner argued that 

oligopoly pricing is properly understood as an illegal tacit 
agreement under Section 1: one oligopolist’s price increase 
is an implicit offer, which the others implicitly accept by 
matching; and, recognizing the potential for mutual benefit, 
the parties perform by collectively maintaining supracom-
petitive prices. Other eminent scholars, including former 
DOJ Antitrust Division head Donald Turner, emphasized 
that there is no effective legal remedy for oligopoly pric-
ing because there is no discernable act that a court could 
enjoin; judges are not equipped to set and regulate “reason-
able” market prices, and they cannot order firms not to react 
to their competitors’ prices. Courts have tenuously resolved 
this debate by inferring a tacit agreement only when the 
defendants engage in communication, information sharing, 
or other conduct that can be enjoined.44 In cases where an 
algorithmic hub serves as a cartel manager, couldn’t courts 
similarly enjoin the use of shared pricing algorithms that 
facilitate oligopoly pricing? At least in some circumstances, 
one would think so.

Pricing algorithms continue to increase in sophistication 
and prevalence throughout our economy, and courts are 
likely to be grappling with algorithmic collusion for some 
time. Like the Age of Aquarius, it’s not clear whether the 
true dawning of the Age of Algorithms is still to come or has 
already arrived. Regardless, we must be ready to adapt our 
application of antitrust law accordingly. ■
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