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A B S T R A C T

This paper sheds new light on the role of communication for cartel formation. Using machine
learning to evaluate free-form chat communication among firms in a laboratory experiment, we
identify typical communication patterns for both explicit cartel formation and indirect attempts
to collude tacitly. We document that firms are less likely to communicate explicitly about price
fixing and more likely to use indirect messages when sanctioning institutions are present. This
effect of sanctions on communication reinforces the direct cartel-deterring effect of sanctions as
collusion is more difficult to reach and sustain without an explicit agreement. Indirect messages
have no, or even a negative, effect on prices.

. Introduction

Modern competition law generally prohibits firms from joining agreements that target coordinated (pricing) behavior and joint
rofit maximization.1 In contrast to this clear prohibition of explicit cartel formation, competition law does not have bite against
acitly collusive behavior, i.e., price coordination without accompanying evidence of agreements between the firms. Thus, firms
illing to coordinate their prices have a choice between the formation of an explicit cartel, which comes with the risk of being

anctioned, and tacit collusion, which is not risky with respect to sanctions but may be less effective in terms of coordination.
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nnual conference of the European Association for Research in Industrial Economics (EARIE) 2021, the annual meeting of the Verein für Socialpolitik (VfS) 2021,
nd in seminars at the University of Regensburg, the Düsseldorf Institute for Competition Economics (DICE), and the German Institute for Economic Research
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Empirically, the firms’ decisions between a cartel and tacit collusion can be inferred from their communication with each other
ecause the difference between the two forms of coordinated behavior is a question of how explicitly firms communicate about
oordinating their prices. The variety of communication observed in Harrington et al. (2016), ranging from very indirect signals (such
s encoded messages hidden in footnotes, see also Blume and Heidhues, 2008) to highly explicit price communication (see also the
xamples reported by Harrington, 2006), suggests that firms resolve this tradeoff between criminal liability and effectiveness of
ommunication differently.

Thus far, however, we have only a limited understanding of how sanctioning institutions, communication between firms, and
heir price setting behavior interact. Existing studies involving communication data either use hand-coded classification into pre-
efined categories or rely on anecdotal evidence. In this paper, we shed light on the effect of sanctions on communication as well
s the effect of communication content on prices, using a machine learning approach to systematically analyze communication
ontent. In a laboratory experiment, we exogenously manipulate firms’ cost to discuss the explicit formation of a cartel by varying
hether or not cartel formation is illegal and can be sanctioned. To implement sanctions for illegal agreements in real time during

he experiment, our experiment features a participant in the role of the competition authority, who is properly incentivized to judge
he communication content and price setting behavior of the firms.2

To quantify differences in communication with and without the threat of sanctions, we organize the content of firms’ chat
communication using Latent Dirichlet Allocation (LDA, introduced by Blei et al., 2003). This procedure classifies communication
into a number of topics covered in the conversation, where both the topics and their number are determined by the algorithm.
We then identify the topics that relate to explicit cartel formation and compare how much of the total communication in both
treatments can be attributed to these topics. Thus, we can quantify how explicit cartel communication reacts to the presence of
sanctioning institutions. Finally, we investigate what share of the total deterring effect of sanctions on price setting behavior is
moderated through this variation in the explicitness of communication on prices.

While topics relating to cartel formation are easily identified as those containing the joint profit-maximizing price, there is no
obvious indicator for topics covering tacit collusion. Thus, to detect such indirect communication, we rely on a complementary
approach: the computation of relative rank differentials. This procedure allows us to compare the most frequent words in the
conversation with and without sanctions. We use the words that are relatively more prominent in the treatment with sanctions as
an indicator for topics relating to tacit collusion. Then, we test whether markets with a high share of such indirect communication
ceteris paribus have different prices than other markets.

In our study, we use an experimental approach to study communication between firms. Experiments provide insights into
otherwise unobserved aspects of cartels. In particular, we can watch the behavior of undetected cartels and obtain a complete
record of the firms’ price setting and communication. This constitutes an improvement over the available empirical data on cartels,
which provides a biased picture of the universe of cartels and, therefore, also of communication. Specifically, we have some
information about legal cartels3 and on illegal cartels that were detected,4 but evidence on illegal cartels that remain undetected by
the authorities is largely lacking. Economic theory is also not very informative about how firms decide whether the expected profit
from forming a cartel is worth the risk of being sanctioned because it typically does not distinguish between an explicit cartel and
tacit collusion (Whinston, 2008).5

We observe almost perfect adherence to the symmetric joint profit-maximizing price and very explicit communication in
he treatment with unrestricted and unsanctioned communication. In contrast, in the presence of sanctioning institutions, fewer
arkets achieve this coordination and communication is indirect rather than explicit. In particular, our machine learning approach

lluminates that firms communicate less often about, or even agree on, specific prices when the competition authority may sanction
artel formation. On the basis of a mediation analysis, we estimate that about one fifth of the total effect of sanctioning institutions
n market prices is driven by this inhibiting effect on explicit price communication. Furthermore, we are able to quantify the extent
f more indirect communication that tries to initiate a joint price increase without naming it explicitly — for example by discussing
ontrived excuses for a price increase. Such indirect communication appears to be insufficient to coordinate a joint price increase,
ut at least it seems to help firms to stabilize prices at their initial level.

With this study, we contribute to an emerging literature using machine learning techniques to evaluate communication in
xperiments. The LDA topic modeling approach we use is similar to the structural topic model (STM) that Özkes and Hanaki (2020)
mploy to compare communication among firms. To the best of our knowledge, ours is the first study using LDA to understand
ow communication affects behavior in experimental markets.6 The relative rank differential statistic due to Huerta (2008), which
e use to analyze the communication content in different market settings, is also employed in Moellers et al. (2017), Odenkirchen

2018), and Fourberg (2018).
The finding that there is a connection between communication and price levels is consistent with previous studies showing that

irms jointly set higher prices in treatments with unrestricted communication than in treatments without communication (see Isaac

2 In previous studies, the unanimous decision to communicate fully determined the risk of being fined (e.g. Bigoni et al., 2012), irrespective of the
ommunication content and its effect on prices.

3 In fact, in many countries, cartels were legal during most of the second half of the 20th century. Based on cartel registers that contain information on
ctive and legal cartels and their activities, Hyytinen et al. (2018, 2019) and Fink et al. (2017) investigate how legal cartels in Finland and Austria operated.

4 See, e.g., Clark and Houde (2014), Harrington (2006), and Genesove and Mullin (2001).
5 For an approach to develop a specific theory of tacit collusion in an auction setting, see Blume and Heidhues (2008).
6 In other fields, LDA is used to study, for instance, how transparency affects the deliberation of monetary policy makers (Hansen et al., 2017). The model

s also proven useful for the prediction of armed conflicts or economic uncertainty based on newspaper articles (e.g., Rauh, 2019; Mueller and Rauh, 2018). For
2

n overview on the use of text as a data input into economic research see Gentzkow et al. (2019).
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et al., 1984; Davis and Holt, 1998; Apesteguia et al., 2007; Cooper and Kühn, 2014; Dijkstra et al., 2021).7 In contrast to these
previous studies, we keep the availability of communication constant and focus on the effect of sanctioning institutions on the
way in which firms communicate. While previous studies modeled tacit collusion as coordinated behavior in the absence of any
communication possibility, our design allows for tacit collusion while a communication channel is available, for instance in the
form of indirect communication.

The paper proceeds as follows: We describe our experimental design in Section 2 and develop hypotheses in Section 3. We
describe our analysis of communication in Section 4 and then present results on how sanctioning institutions affect both, the
market outcome and communication among firms, in Section 5. We discuss our results and conclude in Section 6. An appendix
complements the paper with the theoretical background (A), additional descriptive statistics (B), additional results (C), illustrative
analyses on hand-coded communication data (D), the instructions for firms and authorities (E), details on the text mining results (F),
and information on the original German communication content (G).

2. Experimental design and procedures

The experiment features two main treatments, the Sanction treatment, where cartel formation is subject to sanctions, and the
NoSanction treatment without any sanctioning institutions.8

General setup. In each session, participants are matched in groups of three participants in NoSanction and four participants in
Sanction. In each group, three participants take the role of firms. In Sanction, the fourth participant takes the role of the competition
authority in their group. Role assignments and matching groups remain fixed throughout the repeated interaction described in Figure
Fig. 1. Each group represents a market and interacts for at least 25 rounds as described below.

Fig. 1. Timing of a round in the experiment.

Stage game. In each round, firms simultaneously choose prices in a discrete Bertrand price-setting game with differentiated
products.9 In this game, a price of three is the Nash equilibrium price and a price of nine is the symmetric joint profit-maximizing
price of the stage game. The firms are informed about each others’ prices immediately after the price setting stage. Starting from
round 2, participants in the role of firms can communicate via free form chat for 60 s before price setting takes place.10 The chat
window opens automatically at the beginning of each round. In NoSanction, a round is complete with communication, price setting,
and feedback.

In Sanction, each round may also contain an investigation by the competition authority. An investigation can take place at
random or by a self-report of a firm. The random detection probability is set to 10% in each round and is independent of the firms’
behavior.11 Self-reports can be filed to the competition authority during price setting and then again during feedback. Self-reporting
is not possible after an investigation has started.

If an investigation takes place, the participant in the role of the authority receives access to the history of chats and prices in
their group. He or she judges if, and for how long, a cartel existed and decides about the extent of fines (0%, 50%, or 100%) for

7 Relatedly, Fonseca and Normann (2012), Harrington et al. (2016), and Garrod and Olczak (2018) present experimental evidence that explicit cartel formation
s most effective in sustaining collusive outcomes when conditions are adverse to tacit collusion, for example because of the market having many firms or the
irms being asymmetric in costs or capacities.

8 In the treatment Sanction, we further vary whether the first self-reporting firm in a cartel receives amnesty from any potential fine payment (Leniency) or
not (Fine). We had already collected data for treatments Fine and Leniency when we started this project. The comparison between these two treatments is the
subject of Andres et al. (2021). There we find no effect of a leniency rule, neither on different measures of cartelization nor on communication. Therefore, we
pool the data from these two treatments in a joint Sanction treatment for the present paper.

9 Our price-setting game and the payoff function for the firms are an adapted three-player version of the setup used by Bigoni et al. (2012). The details are
contained in Appendix A.

10 Communication starts in the second round because we use the price level in the first round as a benchmark for price setting in the absence of communication.
11 This number is consistent with actual cartel detection rates in the European Union between 1985 and 2009 as estimated in Ormosi (2014).
3
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each of the three firms in the respective market. To compute the actual fine, the experimental program takes this percentage value
and the cartel duration as an input and applies it to the profits made by the firms’ during the rounds that have passed since the last
investigation; profits from past rounds are discounted linearly before the fine formula is applied. Participants again receive feedback
about the three prices set in their market in the current round, their own profit, and – if applicable – about reporting decisions and
realized fine payments.

Repetition. Participants repeat the previously described interaction for a minimum of 25 rounds. From then on, the game ends with a
probability of 1/3 after any round; with the complementary probability of 2/3 the game continues for another round. The expected
duration of the interaction is 27 rounds. The random termination rule serves the purpose to blur the time horizon to minimize
endgame effects.

Instructions and training. Participants were informed about the relationship between their own and the other two firms’ prices and
their own profit by means of a profit table (cf. Appendix E). The instructions also provide a verbal description of the qualitative
impact of own and others’ prices on profits. To ensure that participants in the role of firms understand the relatively complex market
interaction, they were given access to a computerized training tool before the start of the experiment. In the tool, they could enter
their own price and two prices for their competitors and receive feedback on the resulting profits for as many price combinations
as they desired.

Participants in the role of an authority received an information sheet explaining in detail when firm behavior is to be considered
in violation of competition law as well as how the duration and severity of the infringement are determined.12 Further, participants
in the role of a competition authority interacted with a training tool before the start of the experiment. In the tool, they had to judge
three archetypical market constellations in exactly the way they had to during the actual experiment. Participants then received
feedback and an explanation for the correct judgments. The experiment only started after everyone had finished their use of the
respective training tool.

Payment. Participants in the role of firms were paid their cumulative earnings from the entire interaction, using an exchange rate
of 1 Euro = 125 points. Stage payoffs are not discounted. Perfectly competitive behavior according to playing the Nash equilibrium
of the stage game across all rounds yields an expected 2700 points and a symmetric joint profit-maximizing cartel subject to the
risk of being detected and fined yields 4860 in expectation.

Participants in the role of the competition authority were paid based on the overlap of their judgment with the judgment of
an expert in competition law, who we contracted with to independently evaluate the chat messages and price setting behavior of
the firms. In each investigation, the competition authority makes four decisions (size of the fine for firms 1, 2, and 3 (0%, 50%,
100% of the relevant profit) as well as the duration of the cartel in rounds). We use a binary scoring rule to evaluate decisions.
For each agreement with the expert, a participant in the role of the competition authority receives 900 points meaning that, in
each investigation, he or she can make up to 3600 points. In order to compare the duration stated by the experimental competition
authority with the expert’s round-wise judgment, we computed the sum of rounds since the last investigation in which the expert
reported a cartel. Similarly, we computed the average of the expert’s judgment of cartel activity by each firm over that interval
and counted the decision of the experimental competition authority as correct if the expert’s average judgment comes closer to this
judgment than to the other two (0%, 50%, or 100%) categories. Authorities were paid the average number of points achieved per
investigation, using the same exchange rate of 1 Euro = 125 points. In case no investigation ever took place in his or her group,
the respective authority received a payoff of 15 Euros.

Participants in the role of a firm received their payoff from the experiment and a show-up fee of 5 euros immediately after the
experiment in cash. Participants in the role of the competition authority received a show-up fee of 10 euros immediately after the
experiment in cash and were paid their payoff from the investigations 2–3 weeks after the experiment by bank transfer.

Expert judgment of cartelization. The expert holds a law degree (German: ‘‘Volljurist’’), was writing a dissertation in the field of
ompetition law at the time of the experiment, and also has practical experience in this area. After each session, the expert received
he full chat protocols as well as the history of prices of all firms in all rounds. A few days later, he provided us with a round-wise
lassification of whether a firm participated in a cartel split up by the same levels that were available to the authority in the
xperiment (0%, 50%, or 100%). The expert judged firms based on their communication and price-setting as this would be done in
n actual investigation. This implies that a cartel might cease to exist without an investigation that dismantled it but a cartel could
lso continue to exist after having been investigated and fined. The expert judgment gives us a per-period assessment of market
onduct that we use to analyze the extent of cartelization.

rocedures. The experiment was programmed in z-Tree (Fischbacher, 2007). We collected our data with a total of 269 participants at
the experimental laboratories at the University of Potsdam and at TU Berlin in February to July 2019. The participants were invited
for the sessions through the regular invitation procedures of the respective laboratories using ORSEE (Greiner, 2015). Assignment
to the different treatments was random in the sense that subjects signing up for a session did not know which treatment would be
run. Our sample contains 23 independent markets in NoSanction, and 50 in Sanction (split up into 23 in Fine and 27 in Leniency).
All treatments were balanced across the two involved laboratories in Potsdam and Berlin. On average each participant earned
36.73 Euro. The experiment was planned to last for a maximum of 2.5 h. If the random continuation mechanism had not stopped
the experiment during this time span, we would have manually stopped the experiment at this point in time. Participants were
informed about this rule in the instructions. This event was unlikely and did not occur.

12 We intentionally did not provide this information to participants in the role of firms because we wanted to mimic real conditions in which most firms
4

except very large ones with their own legal department) are not aware of the precise legal situation.
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3. Hypotheses

The innovation of our approach lies in allowing for free form communication and analyzing the content of communication using
achine learning. Before turning to communication, however, we introduce two hypotheses regarding the direct economic effect of

anctioning institutions on the main economic variables in our setting – the extent of cartelization and average prices – which are
rucial in assessing the effectiveness of sanctions.

Due to the risk of being fined, the incentive compatibility constraint for the symmetric collusive equilibrium is tighter and the
ritical discount factor higher with sanctioning institutions than without (see Appendix A). In fact, the critical discount factor of
n infinitely repeated discounted game with punishment by Nash reversion is below the continuation probability of 2/3 in the
oSanction treatment and above it in the Sanction treatment, both with and without leniency, implying that in the abstract game

without communication, perfect, symmetric collusion is an equilibrium only in the absence of sanctions. Therefore, we expect the
extent of cartelization, as measured by the expert judgment of the firms’ behavior in each round, to be higher in NoSanction than
in Sanction. Further, we expect that average market prices move in parallel to cartelization rates because prices are lower in the
absence of a cartel due to competitive price effects than in cartels that fix prices. With less cartelization as a response to the risk
of being fined, averaged across all rounds, prices will then be lower in the presence of either type of sanctioning institution than
without. Further, collusion at a lower price relaxes the incentive compatibility constraint for collusion, which is more relevant in
Sanction treatments, where the critical discount factor at a price of nine exceeds the continuation probability (see Appendix A).

Hypothesis 1. The extent of cartelization in rounds 2–25 is higher in NoSanction than in Sanction.

ypothesis 2. Average prices in rounds 2–25 are higher in NoSanction than in Sanction.

Our next hypothesis posits that the communication content exhibits treatment differences in line with those in cartelization
ates and prices. We expect that sanctioning institutions make participants more careful in their statements because they will try
o avoid punishment for explicit price coordination. Specifically, we expect fewer statements referring explicitly to setting specific
upra-competitive prices and, in particular, to the joint profit maximizing price of 9 in the treatment with sanctioning institutions
han in the one without.

ypothesis 3. Communication in NoSanction is more explicit about prices and about jointly maximizing profits than communication
n Sanction.

Finally, we also investigate to what extent more explicit communication causally drives higher cartelization rates and prices. We
xpect that explicit communication is more effective in coordinating and raising prices than less explicit statements, irrespective of
he treatment condition.

ypothesis 4. Prices are higher and there is more cartelization with more explicit communication than when communication is
ess explicit.

Note that the level of explicit communication and average cartelization as judged by the expert are necessarily related because
he expert judgment underlying the cartelization measure relies in part on the content of the firms’ communication. However, they
re not the same: explicit communication followed by non-cartel prices (e.g. when all firms try to exploit each other) is not classified
s cartelization by the expert. Non-explicit communication, vice versa, might nevertheless be classified as cartelization by the expert
f it was sufficient to initiate a joint price increase of the firms. Thus, the average price is the more appropriate measure than the
artelization rate here. For details on how to judge firm behavior, we refer to the instructions to the authorities that were developed
n cooperation with the expert (see Appendix E.2).

. Evaluating communication

Before testing our hypotheses, let us first explain how we analyze our communication data. Ultimately, we are interested in the
ole communication plays for cartel formation. This analysis goes far beyond the classification of whether a specific group in the
xperiment formed a cartel or not because it aims at understanding the patterns of communication. While the judgment whether
cartel exists or not is done by humans both in the real world (by judges at a court) and in our experiment (by the experimental

ompetition authority and the expert), a deeper understanding of communication patterns and a formal test of the related hypotheses
equire a comprehensive text analysis to map the recorded open chat communication from our experiment into quantified data about
he topics discussed in the chat.

Quantifying communication data is a challenging task receiving attention in a variety of disciplines, including economics. The
eliance on human raters to hand-code text is the most commonly used approach in the field of experimental economics. In these
tudies, categories are defined first, either based on an in-depth-analysis of parts of the data (e.g. Cooper and Kagel, 2005), using
xternal experts (e.g. Coffman and Niehaus, 2015), or on the basis of coordination games (e.g. Houser and Xiao, 2011). Then, the
ntire data set is coded into these categories either by human raters or – less often – using supervised machine learning techniques
s in Penczynski (2019).

As they rely on predefined categories, these approaches may be subject to biases introduced in the definition of categories.
herefore, we use an unsupervised machine learning algorithm that does not rely on any pre-classification of text by the researchers
5
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(or others who are contracted by the researchers). This unsupervised machine learning algorithm is fed with unclassified text data
and uncovers hidden patterns in the form of meaningful word groupings that form the topics of communication.13

4.1. Text corpus

The starting point for our analysis is the entire chat communication from our experimental sessions. We take each group chat,
i.e., all messages sent in a specific group throughout rounds 2 to 25, as a separate document. Thus, we have 73 separate documents,
which together form the corpus for the analysis. As a first step, we process the text data in the corpus by (1) correcting spelling
mistakes, (2) eliminating ‘stopwords’, i.e. words that appear frequently in all texts but have no meaningful content,14 and (3) reducing
the remaining words to their linguistic roots (Hansen et al., 2017).15 The processed corpus of the communication data consists of
19888 tokens in total and contains 3547 unique tokens. In most cases, such tokens are equivalent to words in the documents, but
a token can also be, e.g., a number.16

At an abstract level, this corpus of communication data can be represented in a 73 by 3547 document–term matrix, where
the element (𝑑, 𝑣) of the matrix gives the number of times that the 𝑣th unique token appeared in 𝑑th group chat. This matrix
representation has a high sparsity of 96 percent so that it is key to reduce the dimensionality of the data for further analysis.17

4.2. LDA model

Intuitively speaking, the LDA procedure assumes that the content of each text document is a collection of tokens. The LDA
assumes further that each document is a mixture of topics and that topics are characterized by a distribution of tokens. More
technically speaking, the LDA uses Dirichlet priors for the distributions of tokens over topics and for the distribution of topics
over documents.18 Then, it uses the observed distribution of tokens over documents and a Gibbs Sampling procedure19 to generate
posterior distributions of tokens over topics and of topics over documents (see Blei et al., 2003; Griffiths and Steyvers, 2004; Hansen
et al., 2017).20 These posterior probabilities are what we use in our analysis.

A challenge for any LDA lies in choosing the dimensionality of the latent space, in our case the number of topics 𝐾. We rely on
the ‘perplexity score’ from cross-validation as a goodness-of-fit measure to determine the appropriate number of topics (Newman
et al., 2009).21 Fig. 2 illustrates this score for up to 100 topics. The solid line in Fig. 2 depicts the average of a 5-fold cross-validation
of the model, where 80% of the data are used to train a model that predicts the remaining 20%, in a round-robin sequence. Lower
values of the perplexity score indicate a better fit in out-of-sample prediction. If we choose too few topics, the estimated topics will
mix underlying content, which will result in a poor model fit, corresponding to a high perplexity score. As the number of topics
increases, the perplexity score decreases because finer grained topics better approximate the true data. But if we choose too many
topics, they might become very specific to a particular group and be more difficult to interpret (Chang et al., 2009; Hansen et al.,
2017). The statistically optimal number of topics lies at the point where adding one more topic does not reduce the perplexity
sufficiently further. In Fig. 2, this corresponds to the point of 25 topics, where the solid line starts bending toward the horizontal.
The resulting number of topics that we use for modeling the topics of the chat communication is 𝐾 = 25.

4.3. Estimated topics and explicit communication

Next, we let the LDA estimate the posterior distributions of tokens over topics for 𝐾 = 25.22 Thereby, each topic corresponds to
a probability vector over the 3547 unique tokens from the processed corpus telling us how likely it is that a specific token is used

13 Brandts et al. (2019) provide an overview of laboratory experiments with communication. Özkes and Hanaki (2020) discuss the different methods for
aking sense of chat data. Their study is also the only one we are aware of that uses an unsupervised algorithm in an experiment.
14 English examples are ‘the’ or ‘at’. We added tokens typical for chat messages in German to the list of stopwords provided by Feinerer et al. (2008) such
s ‘wat’ meaning ‘what’ in Berlin and Brandenburg.
15 This procedure is called ‘stemming’. For example, ‘preference’ and ‘prefers’ becomes ‘prefer’. To stem words, we use the standard R package SnowballC
ublished by Bouchet-Valat (2019).
16 Figure 14 in Appendix F shows the token frequency per treatment.
17 Compared to previous studies, our document–term matrix is not that sparse. We attribute the ‘‘low’’ sparsity to the fact that we have a homogeneous group
f participants facing the same controlled experimental situation such that it is likely that their vocabulary is very similar.
18 The Dirichlet priors assign probabilities to tokens over topics in such a way that in each topic few tokens occur with high probability and many other

okens occur with low probability. For the topic-per-document distribution, the Dirichlet prior similarly assigns probabilities such that in each document few
opics occur with high probability and many other topics occur with low probability. Such distributions are very typical for all kinds of text data (Griffiths and
teyvers, 2007).
19 Gibbs Sampling is a form of Markov chain Monte Carlo to obtain sampled values that approximate a target distribution. The method is used when direct

ampling is difficult. Broadly speaking, Gibbs Sampling starts with a random token–topic assignment. Then, it picks each token and estimates the probabilities
hat this token belongs to each topic conditioning on all other current token–topic assignments. The resulting new token–topic assignments are the starting point for
he next ‘‘round’’ of the estimation procedure (see Griffiths and Steyvers, 2007; Hornik and Grün, 2011).
20 We adopt the LDA implemented in the R package topicmodels by Hornik and Grün (2011) and use the suggested values from Griffiths and Steyvers (2004)

for the parametrization of the model.
21 The perplexity score is computed as the geometric mean per-word likelihood, a standard measure in the machine learning literature.
22 We also ran the LDA with fewer topics. Doing so did not improve the interpretability of topics, which would have justified a deviation from the statistically

optimal number of topics according to Blei (2012).
6
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Fig. 2. Perplexity score when fitting the trained model to the hold-out set.

in a given topic.23 The LDA also provides us with a representation of how much of the communication in a given group chat can
be attributed to each of the inferred 25 topics. The representation comes in form of the estimated posterior distribution of the 25
topics over the 73 documents or group chats.24

As Hypotheses 3 and 4 refer to the use of explicit communication about collusive practices, we screen the estimated topics for
evidence of such explicitness and concentrate on those topics for all further steps of our analysis. Based on the pre-registration of
this study, we define a topic as evidence of explicit cartel formation if the joint profit maximizing price of nine (or ‘9’) appears
in the top ten list of tokens of the respective topic. Following this definition, two out of the 25 topics are identified as referring
explicitly to cartel formation. Fig. 3 summarizes key information for the two explicit topics.25

In topic 3, depicted in Fig. 3, the joint-profit maximizing price of ‘9’ is ranked fifth and grouped together with several other
rices (‘12’, ‘7’, ‘8’, ‘10’) surrounding the symmetric collusive price or relating to an asymmetric collusive equilibrium (cf. Appendix
.2.3) and with the number 2, which probably relates to the suggestion of raising the price by 2.26 These tokens belong to explicit

price-fixing agreements and yield supracompetitive profits. Further, this topic contains a strong notion of agreement (‘okay’, ‘yes’).
Therefore, we label this topic Explicit Agreement. Topic 18, depicted in Fig. 3, consists of a group of tokens related to setting the
oint-profit maximizing price (‘9’), to obtain higher earnings (‘get’, ‘remain’, ‘more’, ‘euro’) from the duration of the experiment
‘round’, ‘25’, ‘hour’), and some notion of understanding (‘exact’). Thus, we label this topic Explicit Reasoning.

5. Effects of sanctioning institutions

In this section, we first analyze how the presence of sanctioning institutions affects market outcomes, specifically the cartelization
rate and average market prices. We then continue to investigate the differences in communication depending on the presence of
sanctioning institutions. Finally, we study whether there is a causal link from the extent of explicit and indirect communication to
anticompetitive market outcomes.

For the following analysis, we restrict ourselves to the data from rounds 2 to 25. We use this restriction because these rounds
are played in all sessions and thus allow for the cleanest treatment comparison. From round 25 onward, the game ends with a
probability of 33% after each round, so that the number of rounds played after 25 rounds differs across markets. In the first round,
there was no communication stage.

In Andres et al. (2021), we study the effect of a leniency program on cartelization and prices. As we do not find significant
differences in cartelization or average market prices between Fine and Leniency there, we pool the data from these two treatments
under the joint name Sanction when comparing market outcomes to the NoSanction treatment in Section 5.1.

Our sample contains 23 independent markets in NoSanction, and 50 in Sanction. In Sanction, we observe that an investigation takes
place in 11% of rounds on average and in 56% of all investigations conducted, a strictly positive fine is imposed on the investigated
firms. By definition, investigations and fines do not occur in NoSanction. Table 1 provides a first summary of how sanctions affect
market outcomes and communication. The table suggests that sanctions generally have the desired effect: cartelization rates and
prices decrease, and communication shifts from explicit cartel talk to indirect collusive attempts. Table 3 in Appendix B provides
more detailed summary statistics. If nothing else is stated, all p-values reported in this paper refer to the results of a two-sided
Wilcoxon–Mann–Whitney test with continuity correction.

23 Figure 15 in Appendix F shows the estimated token distributions for all 25 topics.
24 Figure 16 in Appendix F illustrates the estimated distributions of topics separately for each treatment.
25 The algorithm numbered these two topics as topics 3 and 18. In order to facilitate the comparison with Figures 15 and 16 in Appendix F, we maintain

his numbering here.
26 In the absence of collusion, markets are typically not fully competitive but many markets have prices of around 6 to 7 in early rounds so that raising the
rice by 2 would get the market close to the symmetric collusive outcome.
7
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Fig. 3. Top ten token probabilities per explicit topic. The rank of a given token within the topic is given on the 𝑦-axis, the estimated probability of a token
ithin the topic is given by the length of the bar on the 𝑥-axis.

Table 1
Average cartelization rate, market price, explicit and indirect communication split up by
treatment. Standard deviations in parentheses.

Cartelization Market price Communication

Explicit Indirect

NoSanction 0.95 8.84 0.32 0.04
(0.11) (0.45) (0.14) (0.02)

Sanction 0.33 6.64 0.09 0.10
(0.29) (1.26) (0.06) (0.09)

Treatment difference 𝑝 < 0.001 𝑝 < 0.001 𝑝 < 0.001 𝑝 < 0.001

5.1. Market outcomes

Cartelization. To examine how the risk of sanctions affects the extent of cartelization in an average market, we compare the ratio of
ounds in which a cartel existed across treatments. Our measure for the extent of cartelization is based on the roundwise judgment
f the expert. As the expert classified individual firms’ behavior per round into three categories (0%, 50%, or 100%), we can build
wo different measures of cartelization at the market level. First, we compute the extent of cartelization per market by taking into
ccount the level of punishment when averaging the roundwise judgments to a market-level measure. In other words, we directly
verage over the three categories of judgment (0%, 50%, or 100%) per round per firm to arrive at the extent of cartelization in
market. This measure accounts for the fact that anticompetitive behavior may be more or less severe and provides a precise
easure of cartelization. We, therefore, use it as our primary measure. Less severe infringements, however, constitute also illegal

artels, which speaks for a binary measure where anticompetitive behavior, irrespective of the severity of an infringement (50% or
00%), is treated as a cartel. Therefore, as a secondary measure for the extent of cartelization, we also report treatment comparisons
ased on the unweighted extent of cartelization, treating cartels of the 50% category and the 100% category equally. Again, the
easure that we use for our analysis is at the market level as we average over all binary judgments within a market27

27 If we consider the binary judgment of whether or not a firm participated in a cartel, participants in the role of the competition authority come to the
ame judgment as the expert in 76.49% of the cases. If we consider the weighted judgment, which takes into account the severity of an infringement and the
8

uration of a cartel, the overlap between participant and expert judgment still amounts to 61.05%. Most importantly for us, the difference between the judgment
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Fig. 4. Cartelization according to the expert judgment split up by treatment; averages are taken over group averages of the weighted expert judgment that
reflects the severity of the cartel for Panel (a) and the unweighted expert judgment that reflects whether a cartel is present or not for Panel (b). ‘***’ refers to
𝑝 ≤ 0.01. Error bars indicate standard errors.

We find that the average weighted cartelization rate is 0.95 in NoSanction (𝑁 = 23, 𝑆𝐷 = 0.11) and 0.33 in Sanction (𝑁 = 50,
𝑆𝐷 = 0.29). The difference is statistically significant (𝑝 < 0.001). The result is very similar if we instead consider the unweighted
expert judgment. In this case, we observe on average a cartelization rate of 0.97 in NoSanction (𝑁 = 23, 𝑆𝐷 = 0.1) versus 0.41 in
Sanction (𝑁 = 50, 𝑆𝐷 = 0.32). The difference is again statistically significant (𝑝 < 0.001). Fig. 4 illustrates this finding. Thus, our
data clearly supports Hypothesis 1 that sanctioning institutions reduce cartelization.

Prices. We average prices per market over time in rounds 2 to 25 and then test whether the average market prices differ between
the two treatments. Prices are substantially higher in NoSanction, with an average price of 8.84 points (𝑁 = 23, 𝑆𝐷 = 0.45), than in
Sanction, where we observe an average price of 6.64 points (𝑁 = 50, 𝑆𝐷 = 1.26). The difference is statistically significant (𝑝 < 0.001).
Hence, our data supports Hypothesis 2 that prices are higher in NoSanction than in Sanction. Fig. 5 illustrates that this difference
also persists at the level of the individual round and does not change over time.

Even if we restrict attention to cartel phases (taking 50% and 100% cartels together), sanctioning institutions have a significantly
negative effect on prices. The average cartel price of 8.96 points in NoSanction is significantly higher than the average cartel price
of 7.82 points in Sanction (NoSanction: 𝑁 = 23, 𝑆𝐷 = 0.24; Sanction: 𝑁 = 40, 𝑆𝐷 = 1.05; 𝑝 < 0.001). Thus, even conditional on
firms engaging in anticompetitive behavior, the infringements are less harmful to consumer surplus in the presence of sanctioning
institutions.

Next, we consider the price setting in competitive phases. The average competitive price of 5.46 points in NoSanction is not
significantly different from the average competitive price of 5.71 points in Sanction (NoSanction: 𝑁 = 5, 𝑆𝐷 = 0.88; Sanction:
𝑁 = 50, 𝑆𝐷 = 1.15; 𝑝 = 0.79). Thus, we find no evidence that the presence of sanctioning institutions affects the price setting of
firms when they are not colluding.

Also if we take a closer look at the full distribution of expert judgments, i.e. distinguishing between 0%, 50%, and 100% entries,
we find that average prices correlate with the expert judgment as expected. Table 2 contains the fraction of expert’s judgments at
the firm level as well as average prices for each category per market across treatments. While in NoSanction the vast majority of
firms participate in a cartel most of the time and obtain a judgment 100%, in Sanction most entries correspond to not participating
in a cartel (0%) and only a quarter of firm-period observations are classified as full collusion (100%). In line with the above analysis

of the participant and the one of the expert is not systematically different in the two treatments, neither with the former (𝑝 = 0.75) nor with the latter measure
(𝑝 = 0.31) in a two-tailed Wilcoxon–Mann–Whitney test.
9
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Fig. 5. Average market prices over time split up by treatment. Nine is the joint profit maximizing price and three the Nash equilibrium price of the stage game.

Table 2
Fraction of markets that are categorized as 0%, 50%, or 100% by the expert and average prices within each
category per market split up by treatment. Standard deviations in parentheses.

Expert’s judgment 0% 50% 100%

NoSanction Fraction 0.03 0.03 0.94
Average price 5.46 (0.88) 8.20 (0.84) 8.98 (0.28)

Sanction Fraction 0.59 0.15 0.26
Average price 5.71 (1.15) 7.28 (0.95) 8.63 (0.92)

Treatment difference Average price 𝑝 = 0.79 𝑝 = 0.02 𝑝 = 0.01

of cartel vs. non-cartel phases, Table 2 shows that average prices in cartel phases are lower in markets with sanctions than in those
without, both for moderate (50%) and severe (100%) infringements, but there are no significant treatment differences in prices
outside of cartel phases (0%).

5.2. Sanctioning institutions and communication

We now analyze the effect of sanctioning institutions on the extent of communication that is explicit about forming a cartel,
sing the classification of the chat data and the definition of explicit communication from Section 4. To test whether there are
ifferences in explicit cartel agreements during the communication, we compare the average posterior probabilities of the topics
xplicit Reasoning and Explicit Agreement across treatments. Fig. 6 illustrates these posteriors which tell us with which probability
he firms’ communication falls into these two topics according to the output from the LDA. It can be seen that the extent of explicit
ommunication is far greater in NoSanction than in the treatments with sanctioning institutions.28

28 Note that the relatively small numbers are standard for communication data. Common estimates suggest that about 75% of all communication does not
10

elate to the main theme of the conversation (see Dunbar, 1998).
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Indeed, formal tests on our data fully support Hypothesis 3 that communication in NoSanction is more explicit about prices than
communication in Sanction.29 For the tests, we compare average posterior probabilities of the explicit topics, i.e. the shares of the
hat protocols that can be attributed to one of the explicit topics. The average posterior probability of the topic Explicit Agreement

is 0.18 in NoSanction (𝑁 = 23, 𝑆𝐷 = 0.16) and, thereby, significantly higher than the probability of only 0.05 in Sanction (𝑁 = 50,
𝑆𝐷 = 0.05; 𝑝 < 0.001). Similarly, the average posterior probability of the topic Explicit Reasoning is 0.15 in NoSanction (𝑁 = 23,
𝑆𝐷 = 0.09) and 0.04 in Sanction (𝑁 = 50, 𝑆𝐷 = 0.03); again, these probabilities differ significantly from each other (𝑝 < 0.001).

When we also consider the total amount of explicit communication by summing up the average posterior probabilities of Explicit
easoning and Explicit Agreement, we find that the average posterior probability of such explicit communication is significantly
igher in NoSanction, with an average of 0.32 (𝑁 = 23, 𝑆𝐷 = 0.14), than in Sanction, with an average of 0.09 (𝑁 = 50, 𝑆𝐷 = 0.06;

𝑝 < 0.001). Thus, in line with Hypothesis 3, our results show that communication refers more explicitly to cartel formation in the
absence of sanctioning institutions than when a competition authority is present that may sanction such agreements.30

Fig. 6. Average posterior distribution per topic and treatment. ‘***’ refers to 𝑝 ≤ 0.01. Error bars indicate standard errors.

5.3. Communication and price setting

Explicit communication. Finally, we turn to investigating whether, and to what extent, the content of communication affects prices.
As stated in Hypothesis 4, we expect average prices to be higher with explicit communication than when communication is less
explicit. As the presence of sanctioning institutions is likely to affect both the way in which firms communicate with each other and
their price setting behavior, we use complementary approaches to shed light on the effect of communication on price setting. First,
we restrict attention to the Sanction treatment and, thereby, hold constant the presence of sanctioning institutions so that we engage
in a ceteris paribus comparison of prices in markets with more or less explicit communication. Second, we apply causal mediation

29 In Appendix C we provide statistical test results for the separate comparisons between NoSanction and Fine or Leniency because we did not analyze
ommunication patterns in Andres et al. (2021) and, thus, cannot be sure that there are no differences in communication patterns between these subtreatments.
30 A complementary human coding of the communication data finds qualitatively similar results to the machine learning approach. For comparison, two coders

ndependently classified whether a message contains an explicit suggestion to collude, an indirect attempt to do so, or neither of the two. Coding was binary
ith a message coded one if it contained the relevant content and zero otherwise. The inter-coder agreement is 99.40% for the coding of explicit and 99.57%

or indirect communication. The analysis of the results uses means across coders in rounds 2–25. Similar to the topic model, this coding shows that the share of
xplicit messages is higher in NoSanction, at 0.15 (𝑆𝐷 = 0.09), than in Sanction, at 0.04 (𝑆𝐷 = 0.04; 𝑝 < 0.001). These results are also in line with those reported
11
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analysis (Imai et al., 2010, 2011, 2013) on the full sample to estimate how much of the treatment effect of sanctioning institutions
(treatment variable) on prices (outcome variable) is driven by their effect on communication (mediator variable).31

First, we consider only data from the Sanction treatment. We compute the share of communication in a market that can be
attributed to the two explicit cartel formation topics according to the LDA and split the sample at the median. We then compare
average prices in markets with above-median levels of explicit communication to average prices in markets with below-median levels
of explicit communication. In line with Hypothesis 3, the left panel of Fig. 7 shows that average prices in markets with above-median
levels of explicit communication (7.01 points, 𝑁 = 25, 𝑆𝐷 = 1.14) are significantly higher than in markets with below-median levels
of explicit communication (6.27 points, 𝑁 = 25, 𝑆𝐷 = 1.29; 𝑝 = 0.05). In the right panel of Fig. 7, we compare the cartelization
rate according to the weighted average expert judgment for the same median split. Average cartelization as judged by the expert is
0.44 (𝑁 = 25, 𝑆𝐷 = 0.27) when explicit communication exceeds the median level and it is 0.23 (𝑁 = 25, 𝑆𝐷 = 0.28) when explicit
communication is below the median. This difference is statistically significant (𝑝 = 0.008), indicating that explicit communication
drives cartelization.

Fig. 7. Price setting and cartelization behavior according to the expert judgment in markets with above and below median levels of explicit communication in
Sanction. ‘**’ refers to 𝑝 ≤ 0.05. ‘***’ refers to 𝑝 ≤ 0.01. Error bars indicate standard errors.

Second, we run a causal mediation analysis on the full sample to estimate how explicit communication mediates the effect
of sanctioning institutions on price setting behavior. We find that the presence of sanctioning institutions decreases the market
price directly by 1.82 points on average (95% Confidence interval lower = −2.44, upper = −1.2). The direct effect is statistically
significant (𝑝 < 0.001) and accounts for 82.63% of the total effect on prices of 2.2 points on average (95% Confidence interval
lower = −2.6, upper = −1.81). In addition, the presence of sanctioning institutions has an indirect effect through a change in explicit
communication. We find that the drop in explicit communication caused by the presence of sanctioning institutions decreases the
market price by an additional 0.39 points on average (95% Confidence interval lower = −0.91, upper = 0.05). Fig. 8 illustrates this
result.

The mediator effect accounts for 17.53% of the total effect of sanctioning on prices but is not statistically significant at
conventional levels with 𝑝 = 0.09.32 Given the specific variance structure of firm behavior in our sample, we interpret this value as
a lower bound of the true mediation relationship between explicit communication and prices: while in NoSanction prices vary only
very little around the join-profit-maximizing price of 9 but the dispersion of explicit communication is large, prices in Sanction vary

31 For the application of a causal mediation analysis in an experimental setting, the following assumptions must hold: (1) The treatment variable is randomized.
2) The mediator and outcome variables are observed without any intervention of the experimenter. Both assumptions are satisfied in our experimental design.
32 Percentage shares are computed with the original unrounded effects.
12
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Fig. 8. Average causal mediation analysis: Sanctioning institution (treatment), price setting (outcome) and explicit communication (mediator). ‘*’ refers to 𝑝 ≤ 0.1.
***’ refers to 𝑝 ≤ 0.01. Lines indicate 95% Confidence interval.

ubstantially but the amount of explicit communication is relatively similar across markets.33 Thus, the test has little bite because
t can neither use the large differences in explicit communication in NoSanction to explain the small price differences in this part
f the data set, nor can it explain the large prices differences in Sanction because in this treatment there is not much variation in
xplicit communication.

Taken together, both the median split within the Sanction data and the mediation analysis of treatment differences indicate that
xplicit communication has a positive effect on average market prices. Hence, our data supports Hypothesis 4 that average market
rices are higher with explicit communication than when communication is less explicit.34

Indirect communication. In the previous subsections, we focused on the prevalence of communication that explicitly attempts to
coordinate on a specific price. To complement these analyses, we now explore alternative communication patterns that are not
accounted for by the focus on explicit communication. As we have seen that explicit communication differs substantially between
treatments with and without sanctioning institutions, we start with the same between-treatment comparison for the study of indirect
communication.

In Fig. 9, we depict the 50 most frequent tokens in treatments NoSanction and Sanction and their relative rank differentials (see
Huerta, 2008; Fischer and Normann, 2019; Özkes and Hanaki, 2020), with the most frequently used word having rank 1. We
compute the relative rank differential for treatment Sanction as 𝑟𝑁𝑜𝑆−𝑟𝑆

𝑟𝑆
, where 𝑟𝑁𝑜𝑆 and 𝑟𝑆 indicate the rank of a token in

treatment NoSanction and Sanction, respectively. The relative rank differential for treatment NoSanction is defined analogously.
Following Fischer and Normann (2019), we define tokens as more frequent in one treatment than in the other if the relative rank
statistic is larger than or equal to one. Tokens that appear to the lower left of the shaded area in Fig. 9 are more frequent in
Sanction than in NoSanction. Three tokens stand out: ‘higher’, ‘price’, and ‘authority’. While the latter is clearly an artifact of the
experimental design—there was no authority in treatment NoSanction—the former two suggest themselves as tokens relating to
indirect coordination attempts.

Thus, we define a topic as evidence of indirect attempts to collude if the tokens ‘higher’ or ‘price’ appear in the top ten list of
tokens of the respective topic. Following this definition, three topics, numbered 11, 20, and 25, are identified as referring indirectly
to collusion. Figure 15 in Appendix F provides information about the most frequent words in these topics. Topic 11 contains tokens
such as ‘product’, ‘quality’, ‘customer’, and ‘welfare’ in addition to the defining token ‘price’. As these tokens suggest that the topic
relates to discussions about innocent reasons for coordinated price increases, we label this topic Excuses for high prices. Topic 20
relates the token ‘higher’ to indirect cartel formation by connecting it to tokens such as ‘go’, ‘slow’, ‘high’, and ‘understand’. Thus,
we label this topic Unspecific appeal to go higher. Topic 25 connects the token ‘higher’ to some notion of joint actions (‘same’) to
increase the benefit (‘welfare’, ‘receives’, ‘needs’). Therefore, we label this topic Joint benefit. All three topics explain a significantly
larger share of the communication in Sanction than in NoSanction.35

33 The variance of average pricing behavior equals 0.2 in NoSanction and 1.6 Sanction. The variance of explicitness equals 0.02 in NoSanction and 0.003
in Sanction. The small numbers for the variances of explicitness account for the Dirichlet distribution of communication. Both differences in dispersion are
statistically significant between treatments in an Ansari–Bradley test, with 𝑝 = 0.003 for average prices and 𝑝 = 0.005 for explicitness.

34 As we compare averages at the market level, these comparisons cannot inform us on the dynamic interplay between communication and price setting.
Section 5.4 complements the analysis with exploratory insights from the hand-coded chat data.

35 Excuses for high prices: Sanction 0.04 (𝑁 = 50, 𝑆𝐷 = 0.07), NoSanction 0.01 (𝑁 = 23, 𝑆𝐷 = 0.01), 𝑝 < 0.001. Unspecific appeal to go higher : Sanction 0.04
13

(𝑁 = 50, 𝑆𝐷 = 0.05), NoSanction 0.02 (𝑁 = 23, 𝑆𝐷 = 0.01), 𝑝 < 0.001. Joint benefit : Sanction 0.03 (𝑁 = 50, 𝑆𝐷 = 0.03), NoSanction 0.02 (𝑁 = 23, 𝑆𝐷 = 0.01),
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Fig. 9. Frequency rankings of the 50 most used tokens in both treatments. The two black lines indicate the border where the two relative rank differentials
𝑟𝑁𝑜𝑆−𝑟𝑆

𝑟𝑆
and 𝑟𝑆−𝑟𝑁𝑜𝑆

𝑟𝑁𝑜𝑆
are equal to 1. Tokens outside the shaded area have a relative rank differential exceeding 1.

To understand how indirect communication affects price setting behavior in the Sanction treatment, we first compute the share
f communication in a market that can be attributed to the three topics. To see how indirect communication adds to explicit
ommunication, Fig. 10 plots the share of communication that can be attributed to indirect and explicit communication in treatment
anction.

Next, we compare average prices in markets with more or less indirect communication. To account for explicit communication
hat appears along with low incidence of indirect messages, we divide the data into an upper and a lower part along a median split
ccording to the share of explicit communication. We then compare average prices in markets with above- and below-median levels
f indirect communication, holding explicitness either above or below the median. Both in markets with above- and below-median
evels of explicit communication, average prices in markets with above-median levels of indirect communication tend to be lower
han average prices in markets with below-median levels of indirect communication.36 Thus, indirect communication does not seem
o have a positive effect on prices, rather there is a slightly negative effect.

A final piece of evidence concerning the effect of communication on prices comes from a comparison of prices in the first round
ithout any communication to those in the second round, where communication sets in. While average prices increase sharply
etween these two rounds in NoSanction, they do not change in Sanction as can be seen in Fig. 5. In NoSanction, the average market
rice of 6.29 points (𝑁 = 23, 𝑆𝐷 = 1.1) in the first round increases significantly to 8.46 points (𝑁 = 23, 𝑆𝐷 = 1.18) in the
econd round (𝑝 < 0.001). In contrast, average market prices in Sanction do not change significantly between the first (6.03, 𝑁 = 50,
𝐷 = 1.04) and the second rounds (6.03, 𝑁 = 50, 𝑆𝐷 = 1.55; 𝑝 = 0.97).37 Thus, the indirect communication in Sanction appears to be

oo implicit to allow firms to coordinate on jointly optimal price setting right away, implying that prices do not increase above the

𝑝 = 0.002. Again, the hand-coding yields similar results to the topic model: the share of indirect messages is higher in Sanction, at 0.09 (𝑆𝐷 = 0.12), than in
NoSanction, at 0.01 (𝑆𝐷 = 0.01; 𝑝 < 0.001).

36 Explicit above median: the average price with below-median levels of indirect communication is 7.46 points (𝑁 = 11, 𝑆𝐷 = 1.2), the average price with
above-median levels of indirect communication is 6.66 points (𝑁 = 14, 𝑆𝐷 = 1), 𝑝 = 0.05. Explicit below median: the average price with below-median levels
of indirect communication is 6.62 points (𝑁 = 14, 𝑆𝐷 = 1.25), the average price with above-median levels of indirect communication is 5.81 points (𝑁 = 11,
𝑆𝐷 = 1.26), 𝑝 = 0.09.

37 Both p-values reported refer to the results of a two-sided Wilcoxon signed-rank test with continuity correction. Average market prices in the first round
do not differ significantly between NoSanction and Sanction (𝑝 = 0.3) but the price setting differs significantly between the treatments as soon as communication
14

sets in (𝑝 < 0.001).
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Fig. 10. Average pricing behavior, posterior probabilities related to indirect and explicit communication per market in Sanction. Black lines along the axis show
the median. The average market price for each quadrant is displayed in the respective corner.

first round benchmark. Indirect communication (or the remaining, not cartel-related communication), however, is sufficient to keep
average market prices at the level observed in the first round. This result suggests some positive effect of indirect communication
because previous studies show that firms tend to converge downward to Nash pricing in the absence of communication. But indirect
communication is apparently insufficient to sustain collusion at, or close to, the joint-profit-maximizing price of nine. With respect
to the question of ‘‘how indirect can communication be and still be reasonably effective?’’, raised by Harrington et al. (2016),
our data suggests that effective coordination needs explicitness. Already moderate sanctions are sufficient to make communication
sufficiently indirect to deter immediate cartel formation and to keep market prices down.

5.4. Explorations into the dynamics of communication, market outcomes, and law enforcement

So far, we have looked at statistics that average behavior over rounds to arrive at market-level averages. While this proved
insightful in many aspects, the analysis of sanctioning institutions naturally leads to questions about the dynamics of behavior and
communication. The results from the LDA algorithm cannot be used to investigate dynamic aspects as it only provides a classification
of communication at the market level and cannot be adjusted to yield reliable round-wise estimates in our sample. In order to
provide some insights into the dynamics of communication and cartelization, we had two independent coders classify individual
chat messages with respect to two criteria: whether a message explicitly or indirectly attempts to coordinate prices or collude. Based
on these classifications, we compute for each market and round the shares of explicit and indirect messages in the total number of
messages sent and combine these new variables with information on cartelization and fines. We note that this analysis is exploratory;
our experiment was not designed to engage in dynamic analyses and we have not preregistered corresponding hypotheses. Therefore,
we mostly rely on descriptive analyses based on the detailed Figures 11, 12, and 13 in Appendix D.

First, we ask whether we can identify specific communication strategies. Noting that we only observe behavioral patterns but
not complete contingent action plans, we searched for evidence of two intuitive patterns. On the one hand, firms might try to only
communicate to establish a cartel and remain silent as soon as that goal is reached in order not to provide further incriminating
evidence of their coordination. On the other hand, firms could try to constantly communicate and, thereby, hide coordination
messages in larger amounts of innocuous content. Both patterns are repeatedly observed in our sample but the second pattern is
more common. Many markets exhibit close to constant communication in which explicit and indirect attempts to coordinate occur
here and there. One group implements this strategy particularly impressively as they spell out that they want to spam the authority
with content to hinder the detection of their agreement and indeed send close to 60 messages per round resulting in an excessively
15
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c

long chat protocol. In contrast, two groups explicitly describe the first strategy of talk then silence but do not manage to implement
it (see details in Appendix D). When looking more closely at Figures 11 and 12, where collusion can be fined, it is apparent that
most of the time, not talk alone but only communication that relates to the issue of coordination pushes a group to full cartelization.
However, whereas such communication appears to be sufficient for successful cartelization in the NoSanction treatment (see Figure
13), it is not so when sanctioning institutions are present (see Figures 11 and 12).38 A potential explanation is that explicit proposals
to coordinate are immediately taken up if no sanction must be feared whereas firms are more cautious to agree with such a proposal
if collusion is subject to fines.

Second, we use Figures 11 and 12 to investigate how communication patterns affect profits and relate to fines. We observe that
the pattern of ‘‘talk and hide behind innocuous content’’ is not only more common but it also relates to higher levels of cartelization
which by definition are associated with higher profits. We further observe that groups in which firms continuously talk appear better
able to survive an investigation without breaking down than groups in which talk is rare. However, those cartels that remain silent
after being established appear to be fined less in case an investigation takes place and more explicit communication increases the
risk of a fine, consistent with the idea that little evidence of an infringement is less likely to result in a fine than a large and clear
body of evidence.

We hope that these glimpses into the potential dynamics of communication, how they relate to market outcomes and how they
interact with law enforcement will be taken up in future studies tailored to these important questions. A further question left for
future studies is how unilateral deviations relate to communication behavior and whether sanctions affect this relationship.

6. Discussion and conclusion

Existing experimental studies find that sanctioning coordinated pricing behavior is an effective instrument to hinder cartel
formation. Our study is a first approach to understand how the sanctioning of cartel formation affects the coordination process
of firms and why sanctions are effective. To investigate how sanctioning institutions affect the communication between firms, we
use an innovative experimental setup where a free-form communication channel is always open and sanctions are decided upon
by properly incentivized participants in the role of the competition authority. Using a machine learning approach, we quantify the
content of the firms’ communication such that we can study the degree to which communication contains explicit and indirect
attempts to form a cartel.

In line with the literature, we find that sanctions reduce the prevalence of cartel formation and average market prices signifi-
cantly. This complements the few empirical studies showing evidence for a positive welfare effect of competition policy (Buccirossi
et al., 2013) and cartel prohibition (Normann and Tan, 2014). In addition, our experimental approach provides evidence with
respect to the firms’ communication, which is even harder to collect in the field: the experimental results reveal that the presence
of sanctioning institutions reduces the extent of explicit price coordination in the communication of firms by about two thirds
compared to the situation without any sanctions. An additional analysis using a quantitative measure of explicit communication,
suggests that the reduction in explicit communication makes up about one fifth of the total treatment effect, thus strengthening
the direct deterring effect of sanctions on cartel formation. An exploratory analysis of the remaining chat communication indicates
that firms switch to indirect price coordination when sanctioning institutions are in place. While effective in preventing unraveling
toward the Nash equilibrium, however, these indirect approaches are insufficient in raising average market prices above the price
level observed in the first round of the interaction where no communication was possible.

We expect our findings to be useful in at least two respects. First, we show that explicit communication is effective in achieving
a joint increase in the firms’ prices whereas indirect price communication is not. This result proves a link between explicit
communication and illegal conduct that may inform courts in their judgment of whether or not a certain conduct violates competition
law. Specifically, we show that the detailed analysis of communication data may help to define the boundary between tacit collusion
and explicit cartel formation. Second, our study provides potentially useful insights for screening approaches such as e-discovery
that are already used in practice. As part of their compliance policy, many companies try to uncover and then eliminate unlawful
behavior of their own employees by screening the firm’s internal communication data for suspicious patterns and content — before
legal institutions start an investigation. Our study suggests that the presence of screening will already improve compliance by making
communication less explicit and thereby less effective.

When we compare the topics as identified by our machine learning algorithm to a hand-coded classification of the same messages
into explicit and indirect attempts to collude, we find similar results: irrespective of the classification method, there are more explicit
messages in the treatment without sanctioning institutions and more indirect messages in the treatment with sanctions. The topics
as identified by the algorithm also relate to those identified in the hand-coded approach of Cooper and Kühn (2014) or Dijkstra
et al. (2021): similar to our Explicit Agreement and Explicit Reasoning topics they report that a large share of messages is coded as
proposals to play a specific strategy and agreement with such proposals; and similar to our Joint Benefit topic, Cooper and Kühn
(2014) report a category of appeal to the mutual benefits of cooperation. Thus, our machine learning approach provides results
that are very similar to those from the traditional hand-coding method. We also used the hand-coded data from our experiment
to verify that our results are robust to using the traditional approach (see Footnotes 30 and 35). In addition, the machine-learning
approach reveals novel insights. In particular, the topic analysis helps to better understand how words relate to other words and it

38 For instance, groups 1, and 4, in Fine and groups 5, 8, 9, 24, 25, 39, 49 in Leniency communicate but never manage to form a cartel. Several of these
16

ompetitive groups exhibit clearly positive shares of explicit or indirect coordination attempts.
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can quantify the share of communication related to a specific topic. Furthermore, the procedure could easily deal with far larger
data sets, which is an advantage that is becoming increasingly important as sample sizes in experimental studies are increasing in
an attempt to obtain more reliable and replicable results.

In the future, our machine learning approach might also help explain why sanctioning institutions sometimes miss their goal.
or example, in the experimental studies by Andersson and Wengström (2007) and Bigoni et al. (2012), sanctions (implemented as
monetary cost of communication) reduce cartelization but tend to increase prices. Furthermore, Hinloopen and Onderstal (2014)

eport results from an experimental first price auction where a leniency rule increases the stability of cartels among the bidders,
hile Berlin et al. (2018) present empirical evidence on a poorly designed anti-corruption program that failed to reduce bribery.
ext analysis along the lines of our approach might be useful to understand such failure of sanctions to affect behavior into the
esired direction.

In a next step, it would be interesting to endogenize the mode of coordination and study why some firms decide in favor of explicit
ommunication while others prefer more indirect forms of communication or even remain entirely silent. Such heterogeneity is also
bserved by Harrington et al. (2016). Possibly influential factors in firm behavior are differential beliefs about the success probability
f indirect communication, misperceptions with respect to the authority’s judgment of what counts as a cartel, i.e., where exactly
ommunication switches from being innocuous to being evidence of unlawful agreements, and the risk attitude of decision makers.

ppendix A. Supplementary material: 1) replication package 2) appendix with theoretical background, results from
dditional analyses, and instructions.

Supplementary material related to this article can be found online at https://doi.org/10.1016/j.euroecorev.2022.104331.
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