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Abstract

The empirical literature in industrial economics draws conclusions about populations of collusive
activity based on samples of detected and convicted cartels. We develop a flexible simulation tool
to simulate collusive industries, allowing variations in time, market, and enforcement conditions.
It generates data based on different game-theoretic model, allowing to evaluate different empirical
strategies for finite samples. We find that even in scenarios without selective enforcement, strategic
leniency applications, and with inherently similar market conditions, the characteristics of detected
cartels rarely resemble those of overall collusive activity. Intuitively, the similarity of samples and
populations of collusive industries increases in the detection probabilities. Applying standard econo-
metric models to samples does not lead to explaining or predicting larger populations. Although
controlling for sample selection does not improve prediction, feature selection provides guidance on
choosing the relevant covariates for accurately explaining samples. Average treatment effects and
average duration bias quantify any bias effectively.
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1 Introduction

The empirical literature in industrial economics and law & economics relies on samples of detected
and convicted cartels to infer about collusive activity. It is well understood that samples can be highly
selective in law enforcement (Biderman [11]), and more particularly antitrust (Levenstein and Suslow
[76], Carree et al. [23], Harrington and Chang [65]). First, certain firms and industries might be
structurally prone to collusion, resulting in a population of collusive firms and industries (treatment
effect) (Martin [82], Motta [87], Feuerstein [43] and Russo et al. [99]). Second, competition authorities
(CAs) can selectively search markets assumed to be structurally prone to collusion, having a detection
record based on leniency applications or where there is sufficient evidence for a legal case (selection
effect) (Carree et al. [22], Connor [32] and Veljanovski [114]).

Harrington and Chang [65], Harrington and Chang [66] and Harrington and Wei [67] address
this issue by developing a stochastic process of cartel formation and dissolution for a population of
heterogeneous industries. They provide conditions under which samples of detected cartels repre-
sent populations. First, industries show different opportunities to cartelize and market conditions,
translating into individual incentive compatibility constraints (ICC) (the population). Second, given
a specific policy (i.e., probability of detection, size of penalties, and leniency program), they draw
conclusions about a policy’s success in terms of uncovering cartels (the sample). For example, Har-
rington and Chang [66] show that the introduction of a leniency program might induce an unintended
widening of the gap between detected and convicted (sample) in contrast to forgone cartels (unde-
tected); only unprofitable cartels file for leniency and are prosecuted; economically more harmful ones
constitute the dark rate.

As Harrington and Chang [65] and Harrington and Chang [66] explicitly refrain from simulating
their models over time (pp. 421)," we undertake this endeavor for two reasons. First, the simulation
tool offers generating realizations of game-theoretic models more broadly to derive data resembling
real-world samples (e.g., duration (with start and end), enforcement regime, industry characteristics).
Second, the resulting ground-truth data allow one to understand, test, and verify empirical predictions
of (i) game-theoretic and (ii) econometric models aimed at explaining collusion. Neither the empirical
nor theoretical literature has simulated collusion, also not to identify discrepancies between samples
and populations.

Our study starts with an overview of the literature that analyzes collusion. In Section 3, we

IWhile Harrington and Chang [66] show simulation results for the subgame-perfect Nash equilibrium, we simulate
collusive industries for every point in time of the simulation period.



simulate collusive behavior in industries with different characteristics and different opportunities to
collude based on the theoretic birth and death process of cartels in Harrington and Chang [65] and
Harrington and Chang [66]. We closely follow the implementation of their model in Chang and
Harrington [26], while keeping the simulation code flexible to change parameters, distributions, and
endogenize variables. Setting different parameter values, time horizons, number of industries, chang-
ing to a panel structure (on firm or industry level) does not involve reworking the coded ICCs. Giving
a variable a concrete interpretation or different distribution does involve making minor amendments
to ICCs. Endogenizing variables involves rewriting the ICCs.? Section 3 also provides inspiration for
(game-theoretic) extensions.

The simulation provides a ground truth data set of undetected and CA detected cartels; a popu-
lation and its sample with different industry characteristics and policy regimes (Section 4). We find
that even in non-selective enforcement regimes, average duration and more importantly, all other
main characteristics of detected and convicted cartels rarely match those of populations. Intuitively,
the similarity of samples and collusion populations increases in the probability of detection, unless
leniency applications induce selection. Current estimates for the probability of detection, derived per
year based solely on detected samples, range from 13-17% for the US (U.S. Department of Justice,
Bryant and Eckard [19]) to 10-20% for the EU (European Commission, Combe et al. [29], Ormosi
[91]). We therefore raise the questions Does inference based only on detected samples inherently bias
our understanding of collusion?

We show that duration models fitted to detected cartels yield biased estimates when generalized
to the population (Section 5). Although controlling sample selection (Heckman [69]) does not im-
prove prediction, the selection of the Least Absolute Shrinkage and Selection Operators (LASSO)
features (Tibshirani [112]) provides guidance for future empirical research in choosing the most rele-
vant covariates that accurately explain samples (Section 5). We quantify the potential duration bias
between the sample and the population based on Harrington and Wei [67] as the Average Cartel
Duration (ACD) bias. Furthermore, Average Treatment Effects (ATE) (Rubin [98]) as an alternative
estimation method capture the bias well, too (Section 5). In analogy to amendments interesting to
our simulation, Section 5 proposes additional statistical models which might be interesting to test.

Finally, we conclude with a discussion of our findings, limitations, suggestions for future research,

2The resulting R package provides the potential to verify or test the impact of industry characteristics as well as
enforcement regimes. The code is written in R (with RStudio), a software environment for statistical computing and
graphics (The R Foundation [111]). The code is available at Bellert [9]. We provide a description on how to amend it
(README), to generate basic statistics and graphs, and how to generate a panel set-up. The following articles are a
collection of research articles for which predictive accuracy may be tested: Marquez [81], Dick [39], Zimmerman and Connor
[117], Levenstein and Suslow [76], Combe et al. [31], Brenner [17], De [38], Levenstein and Suslow [78], Gartner and Zhou
[50], Abrantes-Metz et al. [1], Davies et al. [34], Zhou [115, 116] and Hellwig and Hiischelrath [71].



and how CAs could use the tool as a computational laboratory to test the impact of policy changes

on case selection.

2 Literature Review

All existing empirical studies in antitrust enforcement rely on samples of detected (or registered) and
convicted cases. For an overview of all types of antitrust offenses detected in the US, see Edwards
[41], Posner [94], Carter [25], Salop and White [101], Gallo et al. [47], Baker [6], Gallo et al. [48], Lin
et al. [79], Kovacic and Shapiro [75], Ghosal and Gallo [53], Posner [95], Baker [7], Taylor [110], Ghosal
and Stennek [55], Miller [83], Ghosal and Sokol [54], and Connor [33]. In analogy, Carree et al. [22]
and Russo et al. [99] provide a historical overview of antitrust offenses in the European Union. For an
overview of samples of collusive firms and industries detected for individual countries, see Jacquemin
et al. [73] for Japan, Morton [86] for British shipping cartels, Feinberg et al. [42] for South Korea,
Fink et al. [44] for Austria, and Nkosi and Boshoff [90] for South Africa. Griffin [59] and Marquez [81]
analyze cartels operating internationally. Borenstein and Shepard [12] show in a structural model
how to understand the price impact of tacit collusion. Miller et al. [85], Byrne and de Roos [20] and
Starc and Wollmann [107] show in structural estimations the effect of explicit collusion or coordinated
effects after a merger has been granted. However, they also rely on detected cartels only.

Several studies analyze the determinants of the duration of the cartel, starting with Posner [94]
and Hay and Kelley [68]. Many of them use hazard rate (HR) models to estimate the probability
of getting caught: Bryant and Eckard [19] find the 13-17% detection probability in a given year for
a sample of eventually detected US cartels between 1961 and 1988; Combe et al. [31] estimate 12.9-
13.3% for EU cartels from 1969 to 2007. Others analyze the properties of cartels and their influence
on cartel duration (Marquez [81], Dick [39] Zimmerman and Connor [117], De [38], Levenstein and
Suslow [78], Géartner and Zhou [50], Davies et al. [34], Zhou [115, 116] and Hellwig and Hiischelrath
[71]). Levenstein and Suslow [76] provide an overview of the entire literature on duration models
of collusion. With Capture-Recapture (CR), a field method in life sciences, Ormosi [91] estimates a
10-20% annual probability of being caught for detected EU cartels in the years 1985 to 2009.

Detected cartels can differ significantly from collusive populations, including undetected cartels
(Harrington and Chang [66]). The estimated probability of death (which is equal to one divided by
the average duration (Harrington and Wei [67])), may not be representative of the entire (unknown)

population (Bryant and Eckard [19], Harrington and Chang [65], Davies and Ormosi [36], and Ormosi



[91]). Other critical features of the econometric models explaining the duration of cartels (HR models)
used so far are the underlying assumptions of (i) constant and (time) independent rates of cartel birth,
death, and detection (Harrington and Chang [65] and Bos and Harrington [14]), (ii) homogeneous
firms and industries, and (iii) complete cartels (Bos [13]).

Harrington and Chang [65] are the first to theoretically establish the conditions under which ob-
served cartel duration equals actual duration or when it leads to over- and underestimation thereof.
They introduce a birth-and-death process for cartel formation and extend it in Harrington and Chang
[66], introducing dependencies between detection, leniency, and the resulting CA caseload. We im-
plement their stochastic birth and death Markov process over time for a population of heterogeneous
industries in three variations. Furthermore, we extend the baseline model in Harrington and Chang
[66] which assumes deterministic leniency applications for all unprofitable cartels, adding a probabil-
ity for leniency applicants as in Harrington and Wei [67]. Hyytinen et al. [72] and Forsbacka et al. [45]
apply Harrington and Chang [65] on legal Norwegian and Swedish cartels, respectively, potentially
a good proxy for collusive activity. However, they can neither ensure the completeness nor correct-
ness of the data registered by cartel participants. In contrast, our simulation offers consistency and
completeness of the population.

In classic competition theory, collusion is facilitated in industries with few players and high entry
barriers (Bain [5], Stigler [108], Carlton [21]). Supergames extend this static game by infinite repeti-
tion (Friedman [46], Aiginger [2]). They weigh the value of discounted future collusive profits against
the present possibility of deviation (with one period of monopoly profit and competition in all future
periods). Multiple studies model collusion as a price game (Brock and Scheinkman [18] show the
ambiguous effect of cartel size on ICC, Gerlach [52] analyzes the effect of firm size on ICC for verti-
cal price discrimination), eventually based on Markov chains (Sannikov and Skrzypacz [102], Athey
and Bagwell [4], Zimmerman [118], Hajivassiliou [61], Boshoff and van Jaarsveld [16], Gartner [51],
Sadoune et al. [100], Schlechtinger et al. [103]). Following [65], our simulation creates a stochastic
Markov chain of industries with firms competing in an infinite but not repeated game, where an in-
dustry can only be in one of two states, cartelized or not cartelized. As in Rotemberg and Saloner [97]
and Haltiwanger and Harrington [62], cartels are formed during periods of low demand and can break
due to positive demand shocks. Alternatively, Green and Porter [58] argue how negative demand
shocks can cause price wars that cause cartel dissolution. Martin [82], Motta [87] and Feuerstein [43]
provide all characteristics relevant for collusion discussed in the empirical and theoretical literature

until 2010. They are potential extensions that are to be included in the ICC of our simulation.



The introduction of leniency programs may be regarded as an exogenous shock on collusive activ-
ities.®> Their effect on cartel formation, duration and deterrence is investigated by Motta and Polo
[88], Chen and Harrington [27], Harrington [63], Spagnolo [106], Miller [84], Gartner and Zhou [50],
Harrington [64], Chen and Rey [28], Duso et al. [40], Harrington and Chang [66], Hellwig and Hiischel-
rath [71], Heim et al. [70] and Sovinsky [105]. Although Difference-in-Difference (Diff-in-Diff) studies
do not quantify a reduction in collusive activity, studies relying solely on samples of detected cartels
base the analysis on information from convictions, ignoring selection biases. Theoretical studies es-
tablish theoretically that firms can use potentially very strategically leniency applications (selection
bias) (Motta and Polo [88], Harrington [63], Spagnolo [106], Harrington [64], Chen and Rey [2§],
Harrington and Chang [66]). Those theoretical predictions are verifiable when our simulation tool
is amended to the game-theoretic data generating process (dgp) to create ground-truth data. The
realizations may then be compared to the empirical literature, shedding light on discrepancies and
similarities.

The following studies analyze antitrust offenses using simulations with a very different objective
than ours. Paha [92] simulates a model of collusive industries with endogenous cartel formation.
Becker et al. [8] combine a game-theoretic model with Monte Carlo (MC) simulations to measure
the deterrent effect of cartel law enforcement. Davies and Ormosi [37] and Davies et al. [35] use
simulations to estimate a quantification of harm deterred by antitrust policies, taking into account
potential sample selection bias. Based on Harrington and Chang [65], Katsoulacos et al. [74] develop a
framework for evaluating the effects of policy instruments on welfare, simulating different intervention
variables and allowing for repeat offenders. Géartner [51] uses MC simulations to show the existence of
a preemptive push into the leniency application (Harrington [64]). Note that these simulations differ

significantly from ours. They do not provide data sets but try to identify the existence of equilibria.

3 Simulating Collusion

We simulate the Markov birth-and-death process for cartels developed by Harrington and Chang [65]
and extended in Chang and Harrington [26] and Harrington and Chang [66] to generate ground-

truth data of populations and detected samples of cartels. As we aim to create data, we need to set

3Leniency programs for cartels were introduced for the first time in 1978 and 1996 in the US and EU, respectively. They
provide immunity from sanctions to firms that notify the CA of the cartel before investigations begin. See for the US:
Department of Justice (DoJ) Leniency Program of 4 October 1978; DoJ Corporate Leniency Policy of 10 August 1993;
DoJ Leniency Policy for Individuals of 10 August 1994. See for the EU: European Commission (EC) Notice on immunity
from fines and reduction of fines in cartel cases (Leniency Notice) of 18 July 1996; EC Notice on immunity from fines and
reduction of fines in cartel cases of 19 February 2002; EC Notice on immunity from fines and reduction of fines in cartel
cases (New Leniency Notice) of 8 December 2006.



additional parameters and variables. First, we define the entire time (¢) horizon to last for ¢ = 1’000
periods. Second, we assume the economy to consist of £ = 1’000 industries with varying proneness to
collude like Chang and Harrington [26], Harrington and Chang [65] and Harrington and Chang [66]
defined as the opportunity to collude (k) and a variable representing industry characteristics (7).

Consider an economy with k different industries, each with a certain characteristic inducing prone-
ness to collude (7)), similarly to firm size (Harrington and Chang [65]), but not literally, and oppor-
tunity to cartelize (k) (Harrington and Chang [65]). Firms in each industry compete in an infinite
game as a modified prisoner’s dilemma. It is not a repeated game. Harrington and Chang [66]
elaborate why it is nontrivial to model subgame-perfect Nash equilibria in this set-up (pp. 421).
While Harrington and Chang [66] depict the subgame-perfect equilibria over different parameters of
interest, we generate time series of collusive industries. In each time period ¢, all firms in an industry
simultaneously decide to either collude or not collude with a common discount factor § € (0,1). Here,
we follow Chang and Harrington [26] and set § = 0.85. Each industry is either in the cartelized or
non-cartelized state. If it is not involved in collusion, it has the opportunity to cartelize with industry-
specific probability « € (0, 1), being uniformly distributed across all industries. Furthermore, it only
enters or remains in collusion if the actual stochastically realized market profit at ¢ is low with re-
spect to the industry-specific ICC derived theoretically from the game. Positive demand shocks cause
deviation and a price war follows (Rotemberg and Saloner [97]).

In each period ¢, we observe a stochastic realization of ¢, as in Rotemberg and Saloner [97] and
Haltiwanger and Harrington [62] abstractly based on demand, which follows m; ~ LN(meanlog=0,
sdlog=1.5, min=1, max=100), where LN is the lognormal distribution and ¢ € {1,..,1000}. Each
firm in collusion earns m¢, while when in competition receiving only a fraction am:, with o € [0, 1).
If a single firm deviates (while all other firms remain in collusion), it earns nm with n > 1 and
1 ~ LN(meanlog=1, sdlog=1.5, min=1.1, max=10). We assume that a = 0 as in a Bertrand game
involving homogeneous firms (e.g., no product differentiation, identical and constant® cost curves).
At the end of each period, with probability o € [0, 1), a cartel may be discovered, investigated, and
sentenced to pay a fine F' = y(Y — au), with v > 0, Y being expected cartelized profit (per period)
and ap being the average noncollusive profit.

Cartel members may apply for leniency and thus reduce their fines to a percentage 6 € [0, 1] for
the first applicant. If § = 1 there is no option to apply for leniency, while § = 0 corresponds to

full immunity from fines for the first applicant. Once the firm is part of the cartel, it faces the risk

4Profits are typically non-zero in Bertrand games when marginal costs are increasing.



of a fine even if it decides to leave (Harrington and Chang [65]). We follow Harrington and Chang
[66] by assuming that only firms in unprofitable cartels apply for leniency, that is if ¢ > ®(Y, 0,n).
This assumption drives Harrington and Chang [66]’s finding that CAs might run out of capacity to
detect and prosecute profitable cartels, while unprofitable ones swamp the CA filing for leniency. The
simulated ICCs are defined as in Harrington and Chang [66]:
5(1— o)1= K)(Y — ap) — [1 = (1 = w)lor — min{e, 0} ](Y — ap)

(=D =601 —x)]

=o(Y,0,n) (1)

IA

Tt

To allow identification of the collusive states of each industry at time ¢, we compare the realization
of firm-specific industry-wide profit 7 (left-hand side) to the derived value of the industry-wide cut-
off level of the ICC (right-hand side). We simplify the calculation of the present value of the cartelized
profit (Y) mainly by setting it to its average collusive profit Y := u, acknowledging that this is not
the perfect Nash equilibria of the subgame (pp. 421, Harrington and Chang [66]). This simplification
is crucial to running the simulation over time, while parameter and timeframe setting are innocuous
assumptions that may be changed in the simulation. Assuming a = 0, the average collusive industry
profit is Y — au := u. Whenever o < 6, firms will not apply for leniency and the ICC is

5(1—0)(1—r)
= - DL -3(1 - n)]

Tt

Whenever o > 6, firms will apply for leniency, and the corresponding ICC is

6Q-—o)A =K (o —=0)yu
S oD -m] 1) ®)

If collusion is incentive compatible, all firms collude. There is no possibility of incomplete cartels.

n%w, with n the number of cartel

Moreover, if one firm applies for leniency, all firms apply and pay
members. Note that the simulation does not allow for Type II errors. A firm may only be detected
or report leniency if it was active in a cartel in the current time period t or the cartel just collapsed
(t — 1). It may only be detected if no cartel member has applied for leniency. In Harrington and
Chang [65], an industry may collude immediately in the period after detection and/or dissolution. In
contrast, we always add one period of non-collusion after a collapsed cartel for two reasons. First,

an industry might need some time to recover from the shock of detection and to reorganize after a

collapse. Second, it helps distinguish between individual cartel phases in the implementation of the



simulation. Following Harrington and Chang [66], firms apply for leniency iff the cartel breaks due
to being unprofitable m; > ®(Y, o,n). However, the relationship between o and 6 determines whether
they choose to apply for leniency. In the following three variations of the simulation, we alternate

between different scenarios.

Enforcement without Leniency (Model I) In Model I, the probability of detection and
successful prosecution that results in the payment of a penalty (o) is constant and smaller than the
fraction of fines a leniency applicant might have to pay, translating into o < 6, with ¢ = 0.048 and
0 = 1. Consequently, no firm ever applies for leniency in Model I, corresponding to Harrington and

Chang [65]’s baseline model.

Enforcement with Leniency (Model ITA) In Model ITA, the probability of detection (o)
remains constant but is significantly larger than the fraction of fines to be paid by a leniency applicant,
translating into o > 0, with ¢ = 0.048 and 6 = 0.035. As Harrington and Chang [66] assume that
cartels collapse and firms apply for leniency whenever m; > ®(Y, o, 7), there are no undetected inactive
cartels; all collapsing cartels are either CA discovered or apply for leniency. Model ITA (Harrington
and Chang [66]’s baseline model) strictly incentivizes firms to apply for leniency by construction;
whenever the cartel is unprofitable and the fine reduction is smaller than the probability of being

caught with fines, firms run to the door of the CA.

Enforcement with Probabilistic Leniency (Model IIB) Model IIB extends Model ITA
by introducing a probabilistic leniency application that accounts for undetected (inactive) cartels.
This approach shows how flexible our implementation is and departs from the deterministic outcome
of Harrington and Chang [66], where all firms apply for leniency; an assumption they require to
derive their main finding. As in Model ITA, o > 6 (with o = 0.048 and 6 = 0.035). Under condition
mt > ®(Y,0,n), firms apply for leniency with probability Pr(L) = w. This implies that
industries with a higher propensity to collude have less incentive to apply for leniency. Our model
aligns with the more realistic premise that not all firms eventually apply for leniency (Harrington
and Wei [67]) and with empirical observations that inactive cartels may be discovered by or apply

for leniency to the European Commission after a considerable delay (Giinster et al. [60]).

Enforcement with Leniency CA Resource Constraints (Model IIT) Models I, ITA
and IIB do not account for a CA being constrained in budget or man power. Harrington and Chang

[66] restrict the caseload a CA can handle given its backlog (Carree et al. [22]). An increase in the



mass of leniency cases (defined as L) naturally causes a decrease in the mass of all other cases handled
(R). Harrington and Chang [66] decompose o into three consecutive probabilities: o =7 - ¢ - s, with
q € (0,1) the probability of CA discovery, r € (0, 1] the probability of CA investigation, and s € [0, 1]
the probability of CA conviction. We set the probabilities of discovery and inquiry to 20% and 30%,
respectively, endogenize s and thus o, with a decreasing function of s = p(AL + R). We implement

the function p that is explicitly defined in Chang and Harrington [26]: s 7 setting the

= 5+u[>\TL+R
baseline values A = 0.5, 7 = 0.8, { = 1, v = 500, p = 1.5. Leniency cases come with a witness willing

to provide evidence, reducing CA resource allocation to a fraction A € (0, 1] of a non-leniency case.

Table 1 summarizes all factors (parameters and variables) and the models that we vary. Note that
one may set all parameters and variables differently than we do in the code to derive alternating
samples and populations (Bellert [9]). We set q,7,s,0,7,0,\,7,&,v, p as constant to the values indi-
cated in Table 1. One might want to change those and see which samples and populations appear.
In analogy, one might simulate any number of industries, a different time horizon, or the possibility

to reform as eminent.

Table 1: Simulated Models and Variables

Variable Range Distribution, Baseline Value Model
Constants

Discovery Prob. q (0, 1) 0.2 111
Investigated Fraction r (0, 1] 0.3 111
Conviction Prob. (exog.) s [0, 1] 0.8 I, II
Penalty Prob. (exog.) o [0, 1] 0.048 I, 11
Fine Multiplier 5 [0, c0) 2 I, I1, III
Leniency (% Fine) 0 [0, 1] {0, 0.035, 1} I, II, 111
CA resources leniency A [0, 1] 0.5 I11
Parameter in p(L, R) T (0, 1] 0.8 11
Parameter in p(L, R) £ > 1 111
Parameter in p(L, R) v [0, 00) 500 111
Parameter in p(L, R) p [1,00) 1.5 111
Varying per Industry

Industry Characteristics n [1.1, 10] LN(1, 1.5) I, II, 111
Cartelize Opportunity K [0, 0.1] U(0, 0.1) I, II, 111
Leniency Probability Pr(L) [0, 0.5] (1-(10xr))/2 1B
Varying in Time

Profit - [1, 100] LN(0, 1.5) I, 11, 111
Conviction Prob. (endog.) s (0, 0.8] p(L, R) 111
Penalty Prob. (endog.) o [0, 1) q-T-s 11

Additional extensions are varying variables per industry (7, s, Pr(L)) or assigning them a precise
game-theoretic interpretation. Interesting variations might be to model 7 literally as the number of
firms per industry (Selten [104]), use it as a market concentration measure (Stigler [108]), induce a
different distribution, allow for entry or exit into an industry over time (Starc and Wollmann [107]) or

incomplete cartels (Bos [13] and Bos and Harrington [15]). We use the LN distribution of the range

10



[1.1,10], but a uniform, skewed, or normal distribution could indicate different competitive modes
that indicate different distributions on the number of firms or market concentration. In analogy,
the opportunity to cartelize could theoretically be modeled and enter the industry ICC in an explicit
form. We chose to endogenize the probability of applying for leniency with respect to k. Interesting
variations might be making it dependent on management (Angelucci and Han [3]) or interrelations
between companies in one industry (such as joint ownership (Reynolds and Snapp [96], Gilo et al.
[56], Heim et al. [70]), horizontal R&D cooperation (Ganglmair and Tarantino [49], Sovinsky [105],
Duso et al. [40]), sales agencies (Carree et al. [24])). If one introduces leniency applications as a policy
shock during the time horizon, one can test its effect on formation and dissolution using a Diff-in-Diff
setting if it enters the ICCs.

We model profit and probabilities of conviction and detection as time varying. Modeling other
aspects stochastically might also be of interest, e.g., cost shocks, product differentiation, entry, and
exit. In analogy to k, m could follow a uniform, skewed, or normal distribution if one constructs
an idea about the distribution of markets within an economy. On this note, uniform and skewed
distributions might indicate that it is equally likely or extremely unlikely that similarly profitable
markets exist across an economy. Interesting and fairly straightforward is the change from positive
demand shocks that cause deviation (Rotemberg and Saloner [97]) to negative shocks that are the
reason for collapse (Green and Porter [58]), reversing the ICC in Equation 1.

For enforcement variations, one could define the backlog of cases by the number of previous periods
from which cases are included. This approach offers flexibility in smoothing s using a rolling average
of past cases or in decreasing s as a result of an increased caseload. Increasing the probability of
detection (¢) for an industry after the first detection (Bellert et al. [10]), explicitly modeling recidivism,
is another simple extension, particularly when a previously convicted cartel induces being on a CA’s
radar while decreasing the incentive to form (Carree et al. [22], Veljanovski [113], Connor [32]). Motta
and Polo [88], Chen and Harrington [27], Harrington [63], Spagnolo [106], Harrington [64], Chen and
Rey [28] offer ideas on how to explicitly account for leniency programs.

Martin [82], Motta [87], Feuerstein [43] and [99] provide the main characteristics relevant for
collusion empirically and theoretically derived: market concentration, industry size, entry barriers,
controlling ownership, regularity and frequency of orders, buyer power, demand elasticity, evolution
of demand: demand shocks i.i.d. or correlated over time, product homogeneity, symmetry among
firms, multi-market contacts, inventories and excess capacities, price transparency and exchange of

information, pricing rules, contracts, product differentiation, cost differences, and signaling. Our
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simulation is easily amended for market concentration, industry size, shocks i.i.d., and symmetry
among firms. Our discussion is confined to the outlining of readily implementable modifications to
our simulation code. While the game-theoretic literature offers a rich analysis of collusion across
numerous model variations, it typically does not provide empirical realizations of collusive activity

(whether as samples or populations) within a hypothetical economic context, which our tool offers.

4 Realizations of the Simulations

This section shows the empirical predictions for the game-theoretic dgps, allowing (i) comparison with
real-life data on firms and industries and (ii) understanding, testing, and verifying empirical predic-
tions of econometric models explaining collusion. The dgp delivers cartels detected by CA /leniency as
well as undetected, their characteristics, and the characteristics of the enforcement regime, and serves
to evaluate estimation methods (Section 5). Figures 1 to 3 show for every simulated model how many
industries experience collusion (blue line), become caught (red line) and dissolve due to a leniency
applicant (green line) as a percentage of all industries in the hypothetical economy (k = 1000) at
any time t. Note that all cartels in the sample have eventually been detected; a prerequisite for
HR estimation (Bryant and Eckard [19], Levenstein and Suslow [76], Combe et al. [31]). All models
contain the same distribution of market and industry characteristics with the same seed to allow and
facilitate comparisons.® As in Harrington and Chang [66], we only vary the enforcement parameters
to make the models presented comparable. We acknowledge that the presented realizations are by
design and can be readily altered by adjusting the underlying parameters, variables, or incentive
compatibility constraints.

The consistent gap between the population and sample (the difference between the blue and red
lines (Model I) and the sum of red and green (Model II and III)) highlights the significant number of
undetected cartels. This difference indicates the size of the dark figure of collusion; most studies try to
estimate or attempt to explain this using the start and end dates of cartel samples. The absence of a
leniency line confirms Model I, which specifies non-incentivization of leniency applications. Although
the collusive population remains relatively stable, with about 17% of all industries experiencing
collusion, the detected sample notably declines toward the end of the simulation. This illustrates one
inherent truncation bias in empirical data where ongoing cartels remain unobserved. The convicted
sample decreases towards the end of the sampling horizon because active cartels have simply not been

found yet. A cartel detected contributes to the sample for its entire duration, which means that in

5In simulations, the seed determines the first number of the random stream.
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the second-last period (¢ = 999), the sample only includes cartels detected in the last time period

(t = 1/000).
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Figure 1: Aggregated Simulated Cartels per Industry over Time

This mirrors real-world scenarios where knowledge of detected cartels is limited among many other
reasons to the sampling horizon. Consequently, the number of active cartels in the population remains
fairly constant, while the sample of detected cartels approaches zero. This pattern is analogous to
Figure 3 in Bryant and Eckard [19] (p. 535). Combe et al. [31] present a similar figure for EU cartels.
This underscores that detection probabilities derived solely from detected samples, such as those
estimated by Bryant and Eckard [19] for their detected sample, may inaccurately represent the actual
prevalence of collusion in the entire population of both detected and undetected cartels. In analogy,
Bryant and Eckard [19] also estimate the probability of being caught in one year for this detected
sample, which should not be confused with the probability of detection for the whole population of
detected and undetected cartels (Harrington and Wei [67]). In Model I less than half of all cartels
get caught.

The left panel of Figure 2 illustrates Model ITA, a scenario where firms can apply for leniency with
constant CA resources and a fixed detection probability (). With 6 < o, firms seek leniency when
their actual profit realization is significantly lower than collusive profits leading to cartel collapse.
Consequently, Model ITA eliminates undetected inactive cartels; all cartels within a given period are
active, detected, or dissolved via leniency application. Only a small number of cartels remain active

and undetected at the very end of the observation period, as the simulation concludes. Condition
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0 < o reduces the right-hand side of Equation 1 compared to Model I, discouraging cartel formation.
This results in a marginal decrease in the percentage of colluding industries per period, from 17.13%
in Model I to 17.06% in Model ITA. Consequently, the percentage of industries eventually detected
also decreases slightly, from 9.78% to 9.36%. Since o remains constant and independent of leniency,
the 7.51% of leniency applications per period, resulting from the collapse of cartels in Model ITA,

only contribute to the aggregate sample of observed cartels.
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Figure 2: Aggregated Simulated Cartels per Industry over Time

The right panel of Figure 2 presents Model IIB, an extension of Model ITA that introduces proba-
bilistic leniency applications. In this model, firms apply for leniency upon cartel collapse only with a
probability P(L), which accounts for the existence of undetected inactive cartels. Although maintain-
ing a similar cartel rate (16.98%) and CA-detected industries (9.67%), the rate of industries applying
for leniency decreases significantly to 1.47% per period, which is driven by our parameter choice.

Model III (Figure 3) extends Model ITA as in Harrington and Chang [66]. The probability that
a cartel is eventually convicted and sentenced to fines (o), is endogenously dependent on the CA
caseload. A larger caseload decreases the CA capacity and therefore the probability of success (s)
and o. With a lower detection/conviction probability o, collusion becomes more attractive and the
average cartel rate increases to 20.12% per time period, according to Harrington and Chang [66].
Furthermore, the CA detects a smaller share of cartels (9.71% of all industries per period). As
leniency applications are activated only when 6 < o, the rate of leniency applications drops to 0.91%

per period in contrast to Harrington and Chang [66].
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Figure 3: Aggregated Simulated Cartels per Industry over Time

Summary Statistics To identify discrepancies between population and sample, Tables 2-4 show
descriptive statistics on the population and its samples of detected cartels and leniency applications
whenever applicable (Model ITA to Model III).6 Note that we keep the number of industries per
economy at k = 1’000, the periods at ¢t = 1’000, and inherently similar market characteristics. Of the
total industries simulated, 947 in Model I, 945 in Model ITA, 946 in Model IIB, and 954 in Model
III engage in collusion at least once. For comparison, Symeonidis [109] finds a proportion of 36%
collusive industries out of a (cleaned and reduced) sample of 140 British manufacturing industries in
the 1950s, using questionnaire data. The share of legally cartelized industries is between 80% and
90% in the manufacturing industries in Finland between 1951 and 1990 (Hyytinen et al. [72]), which
resembles our realizations.

In the realization of our simulation, 37% of 24’374 cartels in Model I, 34% of 24’301 in Model
ITA, 36% of 24’148 in Model IIB and 25% of 23’197 in Model III are eventually caught. Furthermore,
65% (Model ITA), 12% (Model 1IB), and 7% (Model III) of cartels were discovered and convicted
as a result of a leniency application. Although empirical studies Bryant and Eckard [19], Combe
et al. [29], Ormosi [91] estimate detection probabilities ranging from 10% to 20%, it is crucial to note
that these empirical probabilities apply only to cartels ultimately caught (Harrington and Wei [67]).
With the estimated probability of death (which is equal to one divided by the average duration), a
divergence in the duration of the sample and population indicates that the sample’s probability of

death or being caught is, by definition, different from the population’s whenever duration differs. In

6Complete summary statistics and correlation tables are shown in Appendix Tables 11 to 18 and 23 to 26.
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all models, longer-lasting cartels are more likely to be detected since detection probability increases
in duration even when the per-period detection rate remains constant.

Table 2: Descriptive Statistics Model I - Sample and Population

Sample Population

Mean  Med. SD Mean  Med. SD
Start 494.88 493 289.08 501.24 502 289.60
End 504.73 504 289.06  507.27 509 289.56
Duration 10.85 6 13.62 7.03 3 10.30
Ln(Dur) 176 179 1.15 130 1.10 109
Detected 1 1 0 0.37 0 0.48
Leniency 0 0 0 0 0 0
Sample 1 1 0 0.37 0 0.48
TC 9.37 7 7.37 6.50 4 6.47
Ln(TC+1) 2.07 2.08 0.77 1.64 1.61 0.90
Repeat Offender 0.91 1 0.29 0.77 1 0.42
K 0.0619  0.06 0.02 0.0628  0.07 0.02
Industry Type n 2.22 1.83 1.19 3.06 2.72 1.55
Ln(n) 0.69 0.61 0.45 1 1 0.49
N 9’012 24’374

By construction, the summary statistics of the variables we vary align with the values presented in
Table 1. Mean comparison tests reveal a statistically significant difference (at the level of 1%) for the
means that describe the proneness of an industry to collude in an industry; x and 7 differ significantly
between CA detected and undetected cartels. Higher values for both reduce the right-hand side of
the ICC (Equation 1), which in turn makes cartel formation more challenging. In contrast, a higher
K simultaneously increases the probability of forming a new cartel in each cartel-free time period,
rendering the overall effect on collusion rather ambiguous.

Industries characterized by small 77 tend to form cartels more readily and exhibit less incentive
to dissolve. Such cartels typically only disband upon detection. This dynamic contributes to a
higher proportion of these cartels within the CA-detected group, as evidenced by the average 1 of
approximately 2 for CA-detected cartels compared to 3 for the overall population. Consequently,
cartels detected by the CA exhibit a mean duration longer than their undetected counterparts. On
average, the mean duration of CA-detected cartels is 50-90% longer than that of the general collusive
population. Significantly longer cartel durations in industries with fewer participants is an observation
that aligns with theoretical studies. However, they inherently construct such relationships to be true,
contrasting with empirical studies that must contend with highly selective samples (Bryant and Eckard
[19], Levenstein and Suslow [76], Combe et al. [31], Carree et al. [22], Russo et al. [99], Levenstein
and Suslow [78] and Carree et al. [24]). Our simulation tool offers a valuable bridge that enables
robust testing and verification of game-theoretical predictions against data that can closely mimic

real-world complexities.
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Table 3: Descriptive Statistics Model II - Detected Cartels, Leniency Applications and Population

CA Detected Leniency Application Population
Model TTA Mean  Med. SD Mean  Med. SD Mean  Med. SD
Start 494.53 492 288.25  499.77 502 287.65 501.13 502 289.62
End 504.90 504 288.28  503.49 506 287.52  507.15 509 289.59
Duration 11.36 6 13.86 4.72 2 6.69 7.02 3 10.28
Ln(Dur) 1.82 1.79 1.15 1.02 0.69 0.96 1.30 1.10 1.09
Detected 1 1 0 0 0 0 0.34 0 0.47
Leniency 0 0 0 1 1 0 0.65 1 0.48
Sample 1 1 0 1 1 0 0.99 1 0.08
TC 17.18 15 12.05 18.36 16 13.37 18.05 16 13
Ln(TC+1) 2.63 2.77 0.81 2.67 2.83 0.84 2.66 2.83 0.83
Rep. Off. 0.96 1 0.20 0.96 1 0.19 0.96 1 0.19
K 0.0618  0.06 0.02 0.0634  0.07 0.02 0.0628  0.07 0.02
Type n 2.10 1.73 1.08 3.55 3.26 1.51 3.05 2.72 1.54
Ln(n) 0.64 0.55 0.42 1.18 1.18 0.42 0.99 1 0.49
N 8’237 15’906 24’301

CA Detected Leniency Population
Model 1IB Mean  Med. SD Mean  Med. SD Mean  Med. SD
Start 489.07 488 286.95  495.05 493 288.42  497.65 498 289.50
End 499.09 498 287.12  499.03 498 288.36  503.68 505 289.58
Duration 11.02 6 13.67 4.98 3 6.87 7.03 3 10.25
Ln(Dur) 1.78 1.79 1.15 1.08 1.10 0.96 1.31 1.10 1.09
Detected 1 1 0 0 0 0 0.36 0 0.48
Leniency 0 0 0 1 1 0 0.12 0 0.33
Sample 1 1 0 1 1 0 0.49 0 0.50
TC 10.54 9 7.39 6.98 6 5.29 8.16 7 6.65
Ln(TC+1) 2.21 2.30 0.74 1.86 1.95 0.68 1.91 2.08 0.84
Rep. Off. 0.93 1 0.25 0.89 1 0.32 0.86 1 0.35
K 0.0619  0.06 0.02 0.0468  0.05 0.02 0.0624  0.07 0.02
Type n 2.19 1.80 1.15 3.69 3.43 1.65 3.04 2.72 1.53
Ln(n) 0.68 0.59 0.44 1.21 1.23 0.44 0.99 1 0.49
Pr(L) 0.19 0.18 0.12 0.27 0.27 0.11 0.19 0.17 0.12
N 8782 2’960 24’148

Table 4: Descriptive Statistics Model III - Detected Cartels, Leniency Applications and Population

CA Detected Leniency Population

Mean  Med. SD Mean Med. SD Mean  Med. SD
Start 486.17 481 287.79 47237 473.50 298.64  499.82 500 290
End 501.78 499 287.82  477.15 475 298.54  507.50 508 290.01
Duration 16.61 8 22.49 5.77 3 9.94 8.67 3 14.79
Ln(Dur) 2.07 2.08 1.27 1.13 1.10 1.03 1.38 1.10 1.18
Detected 1 1 0 0 0 0 0.25 0 0.43
Leniency 0 0 0 1 1 0 0.07 0 0.25
Sample 1 1 0 1 1 0 0.32 0 0.47
TC 7.49 6 5.36 5.06 4 4.04 5.23 4 4.70
Ln(TC+1) 1.92 1.95 0.68 1.60 1.61 0.64 1.53 1.61 0.81
Rep. Off. 0.90 1 0.30 0.81 1 0.39 0.77 1 0.42
K 0.0610  0.06 0.02 0.0629 0.07 0.02 0.0625  0.07 0.02
Type n 2.14 1.74 1.15 3.57 3.21 1.58 3.19 2.85 1.58
Ln(n) 0.65 0.55 0.44 1.18 1.17 0.43 1.04 1.05 0.49
N 5’843 1’574 23’197

A cartel in the population lasts about seven to nine time periods, while detected cartels have a
mean duration of 11 to 14 t. Within the sample of revealed cartels, there is a huge discrepancy between
the mean duration of the detected cartels (mean between 11 and 17 t) compared to self-reported ones
(between 5 and 6 t). Note that in Model ITA, the only undetected cartels are 158 out of the 24’301

total count still active at the end of the simulation time; the sample is equal to its population as
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the baseline model of Harrington and Chang [66]. The median duration is 3 for all populations and
the sample of Model ITA versus 6, 5 and 6 for the samples of Models I, IIB, and III. The duration
of cartels reported by leniency application is closer to the duration of undetected cartels, whereas
the long duration of CA detected cartels is causing the discrepancy between sample and population.
In our simulation, leniency-based cases are more representative for the cartel population than CA
detected cases.

Although mean durations suggest longer lifespans for CA-detected cartels, the notably shorter
median durations for the overall population and leniency cases indicate a highly skewed distribu-
tion of cartel durations; a limited number of exceptionally long-lasting cartels significantly inflates
the mean supported by the empirical literature (Bryant and Eckard [19], Combe et al. [29], Leven-
stein and Suslow [76], Levenstein and Suslow [78], Carree et al. [24]). The observed proximity of
leniency-reported cartel durations to those of undetected cartels presents a compelling argument for
the potential of leniency data to provide a less biased representation of the true cartel population.
Harrington and Chang [66] illustrate the opposite effect of how leniency programs widen the gap
between detected and forgone cartels. However, just as their study is constructed to demonstrate
specific theoretical outcomes, our simulation is. We diverge in offering the inherent flexibility to
easily modify parameters, variables, or ICCs to create scenarios of alternating or competing ideas on

collusion and oligopoly models, assessing their real-life predictions and veracity.

Varying Enforcement As in Chang and Harrington [26], we vary one enforcement parameter
in Model III and show its effect on collusion and the duration of the cartel. Although they identify
the effect of one variable in equilibrium, we remain in our set-up by simulating 1’000 time periods of
equilibrium conditions. Figures 4 and 5 show the mean cartel rate, CA detection rate, and leniency
rate after 1’000 time periods, varying one factor while keeping all others constant.”

The left panel of Figure 4 shows the effect of different values for the fraction of cases investigated
by the CA (r). As o0 = q-r - s, increasing r decreases the right-hand side of Equation 1. On the one
hand, collusion becomes less attractive and reduces the cartel rate (blue line). On the other hand, it
increases the percentage of persecuted and fined cartels out of all cartels. Both rates are unobserved
in empirical data. The red line shows the percentage of industries detected and fined, that is, the
observed sample of CA-detected cartels. It stays fairly constant, due to the contradicting effects of

fewer cartels, out of which more are found. Leniency applications lead to a higher rate of industries

"We fix the following basic constant parameters additionally: x = 0.05, § = 0.85, ¢ = 0.2, r = 0.3, v = 2, A = 0.5,
7=0.8,&£=1,v =500, p=1.50=0.04.
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being caught as r increases (green line). When o is larger, it more often exceeds 0, triggering leniency.
Because the s component of o varies with the actual caseload of the competition authority, there is

no set r threshold for leniency.
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Figure 4: Changing Probability of CA investigation () (Left) - Changing Immunity from Fines (0) (Right)

The right panel of Figure 4 illustrates the impact of varying the share of the reduced penalty paid
by the leniency applicants (6). ICCs are only altered by 6 when o > 6 (Equation 1). In such instances,
0 lowers the cost of collusion, thereby stabilizing cartels. This effect is evident in the constant cartel
rate observed for 8 < 0.3 and the slight decrease for § > 0.3, while the percentage of leniency cases
falls to zero. The effect on the rate of industries detected by the CA is not discernible, as the reduction
in the cartel rate and the increase in o (due to a smaller caseload) effectively counteract each other.

Figure 5 resembles the left panel of Figure 4, but with different values for 6. In the left panel,
there is no possibility of leniency (6 = 1), whereas the right panel shows the full fine reduction for
applicants for leniency (@ = 0). Full leniency increases both the cartel rate and the leniency rate,
while its impact on the detection rate remains neutral, as previously noted. Tables 19 to 22 in the
Appendix show detailed results for all four variations and allow comparison to the same tables in

Harrington and Chang [66].

5 Exploring Game-Theoretic Predictions

This section offers an introduction to a rich analytical toolkit for analyzing simulated ground-truth
data. Unlike real-world scenarios where the true population of collusive activity remains elusive,
the simulation provides a unique laboratory to experiment with various game-theoretic dgps beyond

the ones we chose and, additionally, various econometric methods. It offers interesting ways to
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Figure 5: Changing Probability of CA investigation (r)

Left Panel with No Leniency (f = 1) and Right Panel with Full Leniency (6 = 0)
analyze comprehensive data, directly observing how different approaches perform when confronted
with the inherent complexities and biases of cartel activity and its detection. Classic contributions
deriving novel statistical methods first mathematically prove and then use simulated data to test
their applicability to the dgp they aim to capture (Gosset [57], Ljung and Box [80] and Tibshirani
[112]). Our simulation provides the possibility to evaluate empirical strategies trying to explain

various aspects of game-theoretically modeled dgp.

Estimating Cartel Duration Multiple studies perceive cartel duration to be the success factor
in measuring collusion (Bryant and Eckard [19], Dick [39], [76], Combe et al. [31], Levenstein and
Suslow [78], Zhou [115], Abrantes-Metz et al. [1], Hellwig and Hiischelrath [71]). To highlight dis-
crepancies in duration estimation between selective samples and their larger populations, we present
linear regression coefficients for both the overall population (detected and undetected offenses) and
its detected sample across Models I, ITA, IIB and III. As HR coefficients confirm the results from
the Ordinary Least Square (OLS) Regressions, we show the results in the Appendix (Bryant and
Eckard [19], Marquez [81], Zimmerman and Connor [117], Combe et al. [31], De [38], Levenstein and
Suslow [78], Gértner and Zhou [50], Zhou [115, 116] and Hellwig and Huschelrath [71]. The accurate
application of HR or OLS estimates fundamentally relies on the sample being representative of its
underlying population. Our findings reveal a clear disparity in the mean duration of cartels between
the observed sample and the broader population. Preliminary descriptive statistics from both groups
signal the presence of significant sampling biases (Section 4).

The variables we vary on the duration of the simulated cartels are market characteristics (Ln(n)),

opportunity to cartelize (k), number of times the cartel was caught (Ln(T'C 4 1)) and if detection is
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due to a leniency application (leniency), when applicable (Models II to III).® We use the logarithm of
n and T'C, as these variables are skewed (Tables 11-18). In the sample, the time of death and detection
are at most one time period apart. In the group of undetected cartels, cartels experience the event
of death whenever the industry-specific profit (m¢) exceeds the right-hand side of ICC (Equation 1).

Cartels may still be active at the end of the observed time period of t = 1'000.

Table 5: Duration Linear Regression 95% Confidence Intervals (Model I)

Sample Undetected Population
Lower Upper Lower Upper Lower Upper
Ln(TC+1) -0.044 0.019 -0.033 3e-3 -3e-2 le-3
K -4.379 -2.692 -5.307 -4.238 -4.845 -3.932
Ln(n) -1.511  -1.409 -1.371 -1.299 -1.436 -1.380
Constant 2.911 3.096 2.860 2.993 2.949 3.054
N 9’012 15’362 24’374

Tables 5-7 show confidence intervals for the linear regression models explaining the duration of
the cartel at the industry level.® For the data generated by Models I, IIB, and III, respectively, we
run the model on the sample of detected cartels (individually for CA and leniency detected cartels
when applicable), the group of undetected cartels, and the population of all cartels, respectively.'”
We also estimate the equivalent Weibull Hazard Rate regression with comparable results (Appendix
Tables 35 to 38) (Bryant and Eckard [19], Combe and Monnier [30], Levenstein and Suslow [77] and
Levenstein and Suslow [78]). Note that these regressions are only providing correlations and do not
causally explain the duration of cartels. We do not indicate coefficients that are statistically different
from zero. The null hypothesis is the classic null hypothesis whether they differ from the population

estimate. A change in sign provides information of the coefficient being statistically not different

from 0.
Table 6: Duration Linear Regression 95% Confidence Intervals (Model IIB)
CA Detected Leniency Sample Undetected Population

Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper
Ln(TC+1) -0.024 0.036 -0.081 0.013 -0.028 0.023 -0.032 4e-3 -0.024 6e-3
K -4.523 -2.830 -5.305 -2.693 -4.495 -3.063 -5.172 -3.973 -4.788 -3.870
Ln(n) -1.489 -1.390 -1.360 -1.216 -1.442 -1.359 -1.351 -1.276 -1.414 -1.363
Leniency -0.054 0.035 -3e-2 0.039
Constant 2.868 3.056 2.728 3.040 2.881 3.042 2.806 2.965 2.917 3.025
N 8’782 2’960 11’742 12’406 24’148

Note: We do not control for Pr(L), as it is a linear transformation of k and including it would
lead to multicollinearity issues.

The number of times being caught does not show to be statistically different in all models, except

8We do not include all explanatory variables but only those not highly correlating with each other in the population to

avoid multicollinearity.

9 Appendix Tables 27 to 30 show the complete regression results.

10Tn Model IIA, only 158 active cartels are left undetected at the end of the simulation. Therefore, no selection bias is
observed. Estimation results are provided in Appendix Table 42. This finding is in line with Harrington and Chang [66].
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Model III, where it shows to shorten the duration for undetected cartels and the overall population.
The dummy variable capturing leniency applications is not statistically significant from 0. The
coefficients for Ln(n) and « are significantly different from zero at all conventional significance levels
(Tables 27-30). The confidence intervals of the estimations for Ln(n) do not overlap between the
estimations of the detected and undetected cartels for Models I, IIB, and III. An increase of 1% in
Ln(n) in an industry decreases the duration of the cartel by around 1.46, 1.40, and 1.73 for the sample
of detected cartels, and by 1.41, 1.39, and 1.64 for the population of detected and undetected cartels
in Models I, IIB, and III, respectively. An increase of 1% in x in an industry decreases the duration
by around 3.54, 3.78, and 4.71 for the sample of detected cartels, and by 4.39, 4.33 and 5.20 for the
population of detected and undetected cartels in Models I, IIB, and III, respectively. Except Model
ITA, where the sample is close to the population, the estimated coefficients for Ln(n) and x of the
sample underestimate and overestimate the population coefficients by 3.5 and -19.4% (Model I), 0.7
and -12.7% (Model IIB), and 5.5% and -9.4% (Model III), respectively.

The simulations clearly show sample selection bias, though market characteristics are homoge-
neously implemented in Models I to III, and the probability of being caught is constant throughout
most models. Interesting additional models, which one might explore, are (i) probit models on for-
mation, dissolution of cartels, (ii) Poisson to count for being repetitively caught for collusion, (iii)
type of cartel death (i.e., leniency, being caught, death). Those models require to generate panel
data. Truncated models censoring duration to be strictly positive; using count variables to measure
duration or number of times being (re-)caught (e.g., Poisson); deriving the probability of being caught
using models on death and survival (Bryant and Eckard [19]); evaluating CR models to estimate the
probability of getting (re-)caught ((Ormosi [91])) or testing the impact of policy shocks (Miller [84])
might also be interesting extensions.

Table 7: Duration Linear Regression 95% Confidence Intervals (Model III)

CA Detected Leniency Sample Undetected Population

Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper
Ln(TC+1) -0.075 0.011 -0.120 0.027  -0.072 3e-3 -0.045 -8e-3  -0.046 -0.012
K -5.252  -3.061 -8.058 -4.574 -5.648 -3.767 -5.808 -4.694 -5.678 -4.713
Ln(n) -1.859 -1.731 -1.576 -1.366 -1.781 -1.670 -1.585 -1.517 -1.671 -1.617
Leniency -9e-2 0.031 -0.064 0.026
Constant 3.442 3.669 3.118 3.561 3.448 3.648 3.273 3.399 3.412 3.515
N 5843 1’574 7417 15’780 23’197

Addressing Sample Selection In his seminal work, Heckman (1979) proposes a two-stage

procedure to control for selection bias. We use his procedure that potentially addresses conviction
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bias when estimating cartel duration. First, one estimates a probit model for detection across all
industries, regardless of actual collusion. The second stage regression includes the inverse Mills ratio
as a control in the duration regression. This approach requires that some variables which affect
selection do not directly influence the duration of the outcome variable. This exclusion restriction is
violated in cartel analysis if detection directly determines when cartels end. Allowing cartels to be
discovered after a natural termination (due to e.g., market changes or member defection) would render
cartel death independent of detection. Under these conditions, variables affecting post-termination
detection probability might not influence original cartel duration, potentially satisfying Heckman’s
exclusion restriction. Carree et al. [24] confirm this possibility that cartels uncovered and convicted
in the EU have been terminated before being uncovered, and leniency applications have been filed to

dead cartels.

Addressing Feature Selection In all simulated Models I, ITA, IIB, IIT and in reality, interde-
pendencies between variables determine cartel duration. To adjust our regression models for these
interdependencies, we extend Models IIB and III to nonlinear control variables (Ln(n) - Leniency
and Ln(T'C + 1) - Leniency). Testing for higher-order polynomials or more interactions might be of
use when simulating more complex game-theoretic models or facing real-world data. Using LASSO
CV feature selection (Tibshirani [112]), we identify the most important variables to choose. This
is a didactic illustration given our simple simulation. However, LASSO does impact our choice of
explanatory variables and improves the estimations significantly (Tables 8-9).'!

Table 8: Duration Linear Regression and Lasso CV 95% Confidence Intervals (Model 1IB)

Sample Population Sample Lasso Population Lasso
Lower Upper Lower Upper Lower Upper Lower Upper
Ln(TC+1) -0.028  0.023  -0.024 6e-3 0.037 0.125 0.071 0.130
K -4.495 -3.063 -4.788 -3.870 -4.555 -3.122  -4.881 -3.963
Ln(n) -1.442  -1.359 -1.414 -1.363 -1.326 -1.111 -1.255 -1.148
Leniency -0.054  0.035 -3e-2 0.039 -0.244 -0.028 -0.206 -0.017
Ln(n) - Leniency 0.026 0.21 0.032 0.181
Ln(n) - Ln(TC +1) -0.163  -0.065 -0.137 -0.086
Constant 2.881 3.042 2.917 3.025 2.702 2.924 2.694 2.842
N 11’742 24’148 11742 24’148

Lasso CV, demonstrated by the significance of additional coefficients and the removal of insignif-
icant ones, might serve as a valuable guide when choosing the variables for linear or HR regression
models analyzing cartel duration. However, this approach yields only a modest improvement in ad-
justed R? of about 0.2-0.4 percentage points (Appendix D) for our case. The value of this methodol-

ogy might be more pronounced when dealing with more complex game-theoretic models or real-world

11 Appendix Tables 31 to 34 and 39 to 41 show the complete regression results for linear and HR regression.
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Table 9: Duration Linear Regression and Lasso CV 95% Confidence Intervals (Model III)

Sample Population Sample Lasso Population Lasso
Lower Upper Lower Upper Lower Upper Lower Upper
Ln(TC+1) -0.072 3e-3 -0.046  -0.012 7e-3 0.129 0.111 0.177
K -5.648 -3.767 -5.678 -4.713 -5.456 -3.577 -5.529 -4.566
Ln(n) -1.781 -1.670 -1.671 -1.617 -1.675 -1.401 -1.457 -1.359
Leniency -9e-2 0.031  -0.064 0.026 -0.475 -0.172 -0.366 -0.111
Ln(n) - Leniency 0.146 0.405 0.102 0.307
Ln(n) - Ln(TC +1) -0.227  -0.081 -0.202 -0.146
Constant 3.448 3.648 3.412 3.515 3.256 3.529 3.114 3.254
N 7417 23’197 7417 23’197

data. In such scenarios, testing for higher-order polynomials or more intricate interactions, such as
controlling for U-shaped variables such as profitability or R&D expenditures (Carree et al. [24]) or
interactions such as recidivism (Veljanovski [114], Carree et al. [22], Connor [32]) or introduction of
policies (Miller [84]), might significantly improve estimates, particularly when systematically selected

with Lasso CV.

Quantifying the Bias We quantify the differences between the duration of cartels in the sample
and in the entire population as bias using two different methods. First, we estimate the bias in
the sample versus the population following Harrington and Wei [67] called Average Duration Bias.

Second, we estimate the Average Treatment Effect of detection and use it to analyze the impact of

the detection on the duration inspired by Rubin [98].

Average Duration Bias Harrington and Wei [67] analyze the potential bias in the estimated

duration based solely on the sample of detected cartels. They define the duration bias as

Bias = 100 - (ADT — ACD)/ACD, (4)

with Average Discovery Time (ADT) and Average Cartel Duration (ACD) being the average
duration for the sample of detected cartels and the average duration for the population of all detected
and undetected cartels, respectively. One could also compare the duration of the sample with the one
dark part of the population (undetected cartels) as a variation. They find a duration bias between
10 and 15%. Based on our simulated data, we find a duration bias of 54.3%, 35% and 65.01% for
Model I, 1IB, and III, respectively. There is no bias in Model ITA, as only 0.65% of all cartels remain
undetected due to truncation.'> Note that bias estimations are the result of the theoretical models
and parameters chosen which one might want to alter. Our toolkit offers to change variables and

ICCs testing for countervailing effects on duration.

I2For completeness, results for Model ITA are in the Appendix (Tables 42 and 43, Figure 9).
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Figure 6: Bias of ADT and ACD for each group of equal variables in Model I.
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Figure 7: Bias of ADT and ACD for each group of equal variables in Model I1B.
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Figure 8: Bias of ADT and ACD for each group of equal variables in Model III.

Harrington and Wei [67] identify conditions for an unbiased estimator when all cartels are subject

to the same birth-and-death process, as well as the same probabilities for collapse (death without
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detection) and detection. Following their reasoning, we group our simulated cartels by the variables
we vary, Ln(n) and k, which determine birth and death. Figures 6-8 show the duration bias calculated
for every group of cartels in Models I, IIB and III, where each point in the scatter plot shows the
duration bias keeping Ln(n) and x constant (Equation 4). We sort the data points according to the
variable on the x-axis. Although the birth-and-death process is the same for cartels belonging to the
same group, we observe a bias in the average duration ranging from -100 to 294, 112, and 473. This
seems to contradict the finding of Harrington and Wei [67], suggesting that there is no difference
between the two groups. However, Harrington and Wei [67] explain why ez ante cartels with the
same birth-and-death process (7, k) and the same probability of detection () show a longer duration
in the sample compared to its population ex post in their theoretical models, in our simulation and
eventually in reality. The sampling process (i.e., being caught) does not catch cartels dying early.
With an equal birth-and-death process, the mean duration is equal for all cartels at the beginning
of the observation period. Ex post, the mean duration, given detection, is longer for cartels in the
sample compared to the population. The probability of being caught increases with being alive.

The sorting provides an intuition about the influence of variables on the bias. For 7, the largest
duration bias is found in the groups of industries with Ln(n) between one and two. Consequently, one
might use this tool to vary the input variables and understand their impact on bias. Regressing on
duration bias while controlling for input variables that impact birth, death, and detection confirms
this result (Table 10). An increase in 1% of the significant variables Ln(n) and , changes the bias
in the duration of the cartel by -21.2/+225.9, -3.9/+5 (not significant) and -11.5/4220.9 percentage
points in Models I, IIB and III, respectively.

Table 10: Duration Bias in Models I, ITA, IIB and III

Variable MLR Bias MI MLR Bias MITA MLR Bias MIIB  MLR Bias MIII
K 225.903*** 1.394 4.961 220.899***
(45.312) (2.518) (28.724) (49.689)
Ln(n) —21.198%*** 0.073 —3.928*** —11.514***
(2.188) (0.122) (1.405) (2.386)
Constant 2.487 —0.200 3.402 —5.736
(3.728) (0.207) (2.367) (4.085)
Observations 947 945 946 954
R2 0.122 0.001 0.008 0.048
Adjusted R2 0.120 —0.001 0.006 0.046

Average Treatment Effect on Duration After estimating the duration bias between sam-
ple and population (Harrington and Wei [67]), we are also interested in the difference in duration

introduced by the detection of a cartel. ATE illuminates the difference in outcome with and without
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treatment. ATE is based on the framework of potential outcomes proposed by Neyman [89] and

generalized by Rubin [98]. ATE is derived as

where D is 1 if an observed unit is treated and O otherwise. Y is the outcome given treatment
and without treatment. Note that one might perceive the treatment of detection as a selection effect
(Section 1). If we define detection of a cartel as treatment and the duration of a cartel as the outcome,

we get the whole population of detected and undetected cartels.

ATE = E|duration(detected = 1) — duration(detected = 0)].

Calculating ATE for our simulated data gives a difference of 6.1, 4.8, and 8.3 time periods for
Models I, T1IB, and III, respectively. In analogy to the bias developed by Harrington and Wei [67],
one may vary the simulation and its input parameters and variables to derive different dgps, which
could be tested here instead. In addition, one might explain the bias of more complex simulations

using inferential statistical models.

6 Conclusion and Discussion

The game-theoretic and empirical literature in industrial economics relies heavily on samples of
cartelized industries as inspiration to model and explain collusion. The central challenge with this
approach is that these detected cartels constitute a nonrandom sample of the entire population
of collusive activity. To address this fundamental problem, our study makes a novel contribution
by developing a flexible simulation tool that explicitly models a cartel birth-and-death process, an
endeavor previous contributions deliberately refrained from.

This methodological innovation and concrete toolkit allows to generate ground-truth data, provid-
ing a unique laboratory (i) to generate data for game-theoretic models and (ii) for rigorously testing
and evaluating traditional econometric methods. This process demonstrates a critical finding; the
characteristics of detected cartels rarely resemble those of the population, even in scenarios without
selective enforcement and inherently similar market characteristics. In our simulations, we find that
the assumption that the life of a detected conspiracy is no longer than that of an undetected one

hardly holds for any of our realizations. Consequently, conventional linear and HR models do not
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deliver true estimates for the cartel population when based solely on detected samples. Or to cite
Bryant and Eckard [19], If the life of a caught conspiracy is typically no longer than that of an un-
caught conspiracy, then duration estimates apply (also as lower bounds), and our probability estimate
is an upper bound on the probability of uncaught conspiracy failure (i.e., demise by natural causes)
(Page 535).

We therefore propose and test alternative methods to mitigate this bias, such as the Heckman
sample selection model and the Lasso CV feature selection. Lasso CV presents an interesting extension
as a guide for choosing the best predictors for the detected sample estimations, which is not to be
mistaken for the population. Heckman selection does not provide consistent and unbiased estimators
for the detected sample in our second-stage estimations because detection and death coincide. It
might be valuable for real-world data whenever cartels die independently of detection. On a more
positive note, we demonstrate that a robust and effective way to quantify the magnitude of this bias
is by using ATE and the average duration bias of Harrington and Wei [67]. Quantifying the bias
still remains impossible for real-world data. However, it might be interesting to simulate different
game-theoretic models and to derive their realizations.

The flexibility of our publicly accessible and easily customizable code is a contribution to allow-
ing further exploration beyond our research. Future work could relax our assumptions by allowing
for incomplete cartels, industry entry or exit, or firm-specific discount factors. The tool can also
be applied to investigate company-level dynamics, such as firms entering and leaving cartels when
expanding the models to panel data settings. Section 3 offers a wide range of possible alternations of
our simulated models. Section 5 provides additional empirical strategies to test the validity of various
empirical strategies used in a wide range of studies on antitrust enforcement (Bryant and Eckard [19],
Marquez [81], Dick [39], Zimmerman and Connor [117], Levenstein and Suslow [76], Combe et al.
[31], Brenner [17], Miller [84], De [38], Levenstein and Suslow [78], Gértner and Zhou [50], Zhou
[115, 116], Abrantes-Metz et al. [1], Duso et al. [40], Hellwig and Hiischelrath [71], Heim et al. [70],
and Sovinsky [105]). Ultimately, our work provides a valuable bridge between game-theoretic models
and empirical research, offering a transparent framework for assessing the reliability of conclusions
drawn from highly selected data.

The simulation framework also provides a powerful tool for competition authorities. It acts as
a computational laboratory where agencies can systematically evaluate antitrust policies and their
impact on cartels. By generating synthetic data that separate observed (detected) from unobserved

(undetected) collusion, the tool allows agencies to measure biases in their samples and understand the
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policy impacts for the larger population. Varying enforcement and resource constraints parameters
and variables in simulated models affect detection probabilities, leniency applications, and ultimately
cartel existence (Models IT to III). The simulation allows, among others, for designing heterogeneous
enforcement strategies (to account for varying industry conditions), optimizing enforcement strate-
gies, and allocation of resources or calibrating leniency programs, under controlled and reproducible

conditions.

29



References

[1]

2]

[9]

[10]

[12]

[13]

[14]

[15]

[16]

[17]

18]

[19]

[20]

Rosa M. Abrantes-Metz, John M. Connor, and Albert D. Metz. The Determinants of Cartel
Duration. IO: Theory eJournal, 2013. ISSN 1556-5068. doi: 10.2139/ssrn.2263782.

Karl Aiginger. Collusion, Concentration and Profits. Empirica, 20(2):159-173, 1993. ISSN
1573-6911. doi: 10.1007/BF01383979.

Charles Angelucci and Martijn A Han. Private and Public Control of Management. Technical
report, Sonderforschungsbereich 649: Okonomisches Risiko, Band , Ausgabe, 2012.

Susan Athey and Kyle Bagwell. Collusion with Persistent Cost Shocks. FEconometrica, 76(3):
493-540, 2008. ISSN 0012-9682.

Joe S. Bain. Relation of Profit Rate to Industry Concentration: American Manufacturing,
1936-1940. The Quarterly Journal of Economics, 65(3):293-324, 1951. ISSN 0033-5533. doi:
10.2307/1882217.

Jonathan B. Baker. Identifying Cartel Policing under Uncertainty: The U. S. Steel Industry,
1933-1939. The Journal of Law and Economics, 32(2, Part 2):S47-S76, October 1989. ISSN
0022-2186. doi: 10.1086/467187.

Jonathan B. Baker. The Case for Antitrust Enforcement. Journal of Economic Perspectives,
17(4):27-50, 2003.

Martin Becker, Birgit Moritz, and Dieter Schmidtchen. Measuring the Deterrent Effect of
European Cartel Law Enforcement. The B.E. Journal of Economic Analysis and Policy, 18(3),
June 2018.

Nicole Bellert. Simcol:  Simulate Collusion based on Harrington/Chang (2015).
https://github.com/bellnl/simcol, 2025.

Nicole Bellert, Andrea Giinster, and Damian Kozbur. Simulating Collusion: Challenging Con-
ventional Estimation Methods. In CRESSE Competition € Regulation European Summer School
and Conference 2023, Rhodes; 2028 SSES Annual Congress, Neuchatel, 2023.

Albert D. Biderman. Surveys of Population Samples for Estimating Crime Incidence. The
ANNALS of the American Academy of Political and Social Science, 374(1):16-33, 1967. ISSN
0002-7162. doi: 10.1177/000271626737400103.

Severin Borenstein and Andrea Shepard. Dynamic Pricing in Retail Gasoline Markets. The
RAND Journal of Economics, 27(3):429-451, 1996.

Iwan Bos. Incomplete Cartels and Antitrust Policy: Incidence and Detection. PhD thesis,
University of Amsterdam, 2009.

Iwan Bos and Joseph E Harrington. Endogenous Cartel Formation with Heterogeneous Firms.
The RAND Journal of Economics, 41(1):92-117, 2010.

Iwan Bos and Joseph E. Harrington. Competition Policy and Cartel Size. International Eco-
nomic Review, 56(1):133-153, 2015. ISSN 1468-2354. doi: 10.1111/iere.12097.

Willem H Boshoff and Rossouw van Jaarsveld. Analysing Cartel Episodes: A Markov-Switching
Application. In CRESSE Competition € Regulation European Summer School and Conference
2020, 2020.

Steffen Brenner. An Empirical Study of the European Corporate Leniency Program. Interna-
tional Journal of Industrial Organization, 27(6):639-645, November 2009.

William A. Brock and José A. Scheinkman. Price Setting Supergames with Capacity Con-
straints. The Review of Economic Studies, 52(3):371-382, 1985. ISSN 0034-6527. doi:
10.2307/2297659.

Peter G. Bryant and Edwin Eckard. Price Fixing: The Probability of Getting Caught. Review
of Economics and Statistics, 73:531-540, 1991.

David P. Byrne and Nicolas de Roos. Learning to Coordinate: A Study in Retail Gasoline.
American Economic Review, 109(2):591-619, February 2019.

30



[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

31]

32]

[33]

[34]

[35]

[36]

[37]

[39]

[40]

[41]

[42]

Dennis W. Carlton. A Reexamination of Delivered Pricing Systems. The Journal of Law and
Economics, 26(1):51-70, April 1983. ISSN 0022-2186. doi: 10.1086/467025.

Martin Carree, Andrea Giinster, and Marten Pieter Schinkel. European Antitrust Policy 1957-
2004: An Analysis of Commission Decisions. Review of Industrial Organization 1964-2004, 36:
97-131, 2010.

Martin Carree, Andrea Giinster, and Maarten Pieter Schinkel. European Antitrust Enforcement
1957-2004: A Review of Court of Appeal Rulings in the EU. Working Paper, 2011.

Martin Carree, Andrea Giinster, and Mathijs Van Dijk. Do Cartels Undermine Economic
Efficiency? In American Economic Association, Chicago, 2012.

John R. Carter. Collusion, Efficiency, and Antitrust. The Journal of Law and Economics, 21
(2):435-444, October 1978. ISSN 0022-2186. doi: 10.1086/466930.

Myong-Hun Chang and Joseph E. Harrington. The Impact of a Corporate Leniency Program on
Antitrust Enforcement and Cartelization. Working Paper 548, The Johns Hopkins University,
Department of Economics, Baltimore, MD, 2008.

Joe Chen and Joseph E Harrington. The Impact of the Corporate Leniency Program on Cartel
Formation and the Cartel Price Path. Contributions to Economic Analysis, 282:59-80, 2007.

Zhijun Chen and Patrick Rey. On the Design of Leniency Programs. The Journal of Law and
Economics, 56(4):917-957, November 2013. ISSN 0022-2186. doi: 10.1086/674011.

E Combe, C Monnier, and R Legal. Cartels: The probability of detection in the european
union. Working Paper, PRISM-Sorbonne, March 2007.

Emmanuel Combe and Constance Monnier. Fines against Hard Core Cartels in Europe: The
Myth of Overenforcement. The Antitrust Bulletin, 56(2):235-275, 2011.

Emmanuel Combe, Constance Monnier, and Renaud Legal. Cartels: The Probability of Getting
Caught in the European Union. Awailable at SSRN 1015061, 2008. doi: 10.2139.

John M. Connor. Recidivism Revealed: Private International Cartels 1990-2009. Competition
Policy International, 6(2), September 2010.

John M. Connor. Price-Fixing Overcharges: Revised 3rd Edition, February 2014.

Stephen Davies, Peter L. Ormosi, and Martin Graffenberger. Mergers after Cartels: How
Markets React to Cartel Breakdown. The Journal of Law and Economics, 58(3):561-583,
August 2015. ISSN 0022-2186. doi: 10.1086/684227.

Stephen Davies, Franco Mariuzzo, and Peter L. Ormosi. Quantifying the Deterrent Effect of
Anticartel Enforcement. Economic Inquiry, 56(4):1933-1949, 2018.

Stephen W. Davies and Peter L. Ormosi. A Comparative Assessment of Methodologies Used
to Evaluate Competition Policy. Journal of Competition Law and Economics, 00:1-35, 2012.

Stephen W. Davies and Peter L. Ormosi. The Impact of Competition Policy: What Are the
Known Unknowns? Working Paper series, University of Fast Anglia, Centre for Competition
Policy (CCP), 2013.

Oindrila De. Analysis of Cartel Duration: Evidence from EC Prosecuted Cartels. International
Journal of the Economics of Business, 17(1):33-65, February 2010.

Andrew R. Dick. When Are Cartels Stable Contracts? The Journal of Law € FEconomics, 39
(1):241-283, 1996. ISSN 0022-2186.

Tomaso Duso, Lars-Hendrik Réller, and Jo Seldeslachts. Collusion Through Joint R&D: An
Empirical Assessment. The Review of Economics and Statistics, 96(2):349-370, May 2014.

Corwin D Edwards. Trends in Enforcement of the Antimonopoly Laws. Journal of Marketing,
14(5):657-665, April 1950.

Robert Feinberg, Hyunchul Kim, and Minsoo Park. The Determinants of Cartel Duration in
Korea. Review of Industrial Organization, 48(4):433-448, 2016. ISSN 0889-938X.

31



[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

Switgard Feuerstein. Collusion in Industrial Economics - A Survey. Journal of Industry,
Competition and Trade, 5(3):163-198, 2005. ISSN 1566-1679.

Nikolaus Fink, Philipp Schmidt-Dengler, Konrad Stahl, and Christine Zulehner. Registered
Cartels in Austria: An Overview. Furopean Journal of Law and Economics, 44(3):385-422,
December 2017. ISSN 1572-9990.

Tove Forsbacka, Chloé Le Coq, and Catarina Marvao. Cartel birth and death dynamics: Em-
pirical evidence. International Journal of Industrial Organization, 89:102932, 2023. ISSN 0167-
7187.

James W. Friedman. A Non-cooperative Equilibrium for Supergames. The Review of Economic
Studies, 38(1):1-12, 1971.

Joseph C Gallo, Jos L Craycraft, and Shantanu Dutta. Incarceration and Fines: An Empirical
Study of Antitrust Sanctions. Review of Industrial Organization, 3(2):38-66, 1986.

Joseph C Gallo, Kenneth Glenn Dau-Schmidt, Jos L Craycraft, and Charles J Parker. Depart-
ment of Justice Antitrust Enforcement, 1955-1997: An Empirical Study. Review of Industrial
Organization, 17(1):75-133, 2000.

Bernhard Ganglmair and Emanuele Tarantino. Patent Disclosure in Standard Setting. Working
Paper 17999, National Bureau of Economic Research, April 2012.

D. L. Gértner and Jun Zhou. Delays in Leniency Application: Is There Really a Race to the
Enforcer’s Door? Discussion Paper 2012-044, Tilburg University, Tilburg Law and Economic
Center, 2012.

Dennis L. Gértner. Corporate Leniency in a Dynamic World: The Preemptive Push of an
Uncertain Future. The Journal of Industrial Economics, 70(1):119-146, 2022.

Heiko Gerlach. Collusion, Price Discrimination, and Retailer Bond. The Journal of Law and
Economics, 68(1):63-102, February 2025. ISSN 0022-2186. doi: 10.1086/730895.

Vivek Ghosal and Joseph C Gallo. The Cyclical Behavior of the Department of Justice Antitrust
Enforcement Activity. International Journal of Industrial Organization, 19(1-2):27-54, 2001.

Vivek Ghosal and D. Daniel Sokol. The Evolution of U.S. Cartel Enforcement. The Journal of
Law and Economics, 57(83):551-S65, August 2014. ISSN 0022-2186. doi: 10.1086,/676070.

Vivek Ghosal and Johan Stennek. The Political Economy of Antitrust. Elsevier, Amsterdam,
2007.

David Gilo, Yossi Moshe, and Yossi Spiegel. Partial Cross Ownership and Tacit Collusion. The
RAND Journal of Economics, 37(1):81-99, 2006. ISSN 0741-6261.

(Student) William S. Gosset. The Probable Error of a Mean. Biometrika, 6(1):1-25, 1908.
ISSN 0006-3444.

Edward J. Green and Robert H. Porter. Noncooperative Collusion under Imperfect Price
Information. Econometrica, 52(1):87-100, 1984. ISSN 0012-9682.

James M. Griffin. Previous Cartel Experience: Any Lessons for OPEC? In Lawrence R. Klein
and Jaime Marquez, editors, Economics in Theory and Practice: An Eclectic Approach: Essays
in Honor of F. G. Adams, pages 179-206. Springer Netherlands, Dordrecht, 1989. ISBN 978-
94-009-0463-7.

Andrea Giinster, Martin Carree, and Mathijs van Dijk. The Fat-Cat Effect of Cartels. In 44th
Annual Conference of the European Association for Research in Industrial Economics (EARIE),
2017.

V. A. Hajivassiliou. Switching Regressions with Imperfect Regime Classification Information:
Theory and Applications. STICERD - Econometrics Paper Series, (610), November 2019.

John Haltiwanger and Joseph E. Harrington. The Impact of Cyclical Demand Movements on
Collusive Behavior. The RAND Journal of Economics, 22(1):89-106, 1991. ISSN 0741-6261.

Joseph E. Harrington. Optimal Corporate Leniency Programs. The Journal of Industrial
Economics, 56(2):215-246, 2008.

32



[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

73]

[74]

[75]

[76]

[77]

(78]

[79]

[80]

[81]

[82]

[83]

[84]

Joseph E. Harrington. Corporate Leniency Programs When Firms Have Private Information:
The Push of Prosecution and the Pull of Pre-emption. The Journal of Industrial Economics,
61(1):1-27, March 2013. ISSN 00221821.

Joseph E. Harrington and Myong-Hun Chang. Modeling the Birth and Death of Cartels with an
Application to Evaluating Competition Policy. Journal of the European Economic Association,
7(6):1400-1435, 2009. ISSN 1542-4766, 1542-4774.

Joseph E. Harrington and Myong-Hun Chang. When Can We Expect a Corporate Leniency
Program to Result in Fewer Cartels? The Journal of Law & Economics, 58(2):417-449, 2015.

Joseph E. Harrington and Yanhao Wei. What Can the Duration of Discovered Cartels Tell Us
About the Duration of All Cartels? The Economic Journal, 127(604):1977-2005, 2017.

George A. Hay and Daniel Kelley. An Empirical Survey of Price Fixing Conspiracies. The
Journal of Law and Economics, 17(1):13-38, April 1974. ISSN 0022-2186.

James J Heckman. Sample Selection Bias as a Specification Error. Econometrica: Journal of
the econometric society, pages 153—-161, 1979.

Sven Heim, Kai Hiischelrath, Ulrich Laitenberger, and Yossi Spiegel. The Anticompetitive
Effect of Minority Share Acquisitions: Evidence from the Introduction of National Leniency
Programs. American Economic Journal: Microeconomics, 14(1):366-410, 2022. ISSN 1945-
7669.

Michael Hellwig and Kai Hiischelrath. When Do Firms Leave Cartels? Determinants and the
Impact on Cartel Survival. International Review of Law and Economics, 54:68-84, June 2018.

Ari Hyytinen, Frode Steen, and Otto Toivanen. Cartels Uncovered. American Economic
Journal: Microeconomics, 10(4):190-222, November 2018. ISSN 1945-7669, 1945-7685. doi:
10.1257 /mic.20160326.

Alexis Jacquemin, Tsuruhiko Nambu, and Isabelle Dewez. A Dynamic Analysis of Export
Cartels: The Japanese Case. Economic Journal, 91(363):685-96, 1981.

Yannis Katsoulacos, Evgenia Motchenkova, and David Ulph. Measuring the Effectiveness of
Anti-Cartel Interventions in the Shadow of Recidivism. Managerial and Decision Economics,
44(4):2393-2407, 2023. ISSN 1099-1468.

William E Kovacic and Carl Shapiro. Competition Policy: A Century of Economic and Legal
Thinking. Journal of Economic Perspectives, 14(1):43-60, 2000.

Margaret C. Levenstein and Valerie Y. Suslow. What Determines Cartel Success? Journal of
Economic Literature, 44(1):43-95, 2006.

Margaret C Levenstein and Valerie Y Suslow. International Cartels. Issues in Competition Law
and Policy, (2. Jg.):1107-1126., 2008.

Margaret C. Levenstein and Valerie Y. Suslow. Breaking up Is Hard to Do: Determinants of
Cartel Duration. The Journal of Law & Economics, 54(2):455-492, 2011.

Ping Lin, Baldev Raj, Michael Sandfort, and Daniel Slottje. The Us Antitrust System and
Recent Trends in Antitrust Enforcement. Journal of Economic Surveys, 14(3):255-306, 2000.

G. M. Ljung and G. E. P. Box. On a measure of lack of fit in time series models. Biometrika,
65(2):297-303, August 1978. ISSN 0006-3444.

Jaime Marquez. Life Expectancy of International Cartels: An Empirical Analysis. Review of
Industrial Organization, 9(3):331-341, June 1994. ISSN 1573-7160.

Stephen Martin. Industrial Economics: Economics Analysis and Public Policy. Prentice Hall,
1988.

Amalia R. Miller. Did the Airline Tariff Publishing Case Reduce Collusion? The Journal of
Law and Economics, 53(3):569-586, August 2010. ISSN 0022-2186. doi: 10.1086/605294.

Nathan H. Miller. Strategic Leniency and Cartel Enforcement. American Economic Review,
99(3):750-768, 20009.

33



[85]

[36]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

(98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

Nathan H. Miller, Gloria Sheu, and Matthew C. Weinberg. Oligopolistic Price Leadership and
Mergers: The United States Beer Industry. American Economic Review, 111(10):3123-3159,
October 2021.

Fiona Scott Morton. Entry and Predation: British Shipping Cartels 1879-1929. Journal of
Economics & Management Strategy, 6(4):679-724, 1997.

Massimo Motta. Competition Policy: Theory and Practice. Cambridge University Press, Cam-
bridge, 2004. ISBN 978-0-521-81663-2.

Massimo Motta and Michele Polo. Leniency Programs and Cartel Prosecution. International
Journal of Industrial Organization, 21(3):347-379, 2003.

Jerzy Neyman. On the Application of Probability Theory to Agricultural Experiments. Essay
on Principles. Section 9. 1923, reprint, Trans. Dabrowska, D.M. and Speed, T.P. Statistical
Science, 5(4):465-472, 1990. ISSN 0883-4237.

Wawa W. Nkosi and Willem H. Boshoff. Characteristics of Prosecuted Cartels and Cartel
Enforcement in South Africa. Review of Industrial Organization, 60(3):327-360, May 2022.
ISSN 1573-7160.

Peter Ormosi. A Tip of the Iceberg? The Probability of Catching Cartels. Journal of Applied
Econometrics, 29(4):549-566, 2014.

Johannes Paha. Empirical Methods in the Analysis of Collusion. Empirica, 38(3):389-415,
2011.

PhD Programme in Data Science. Current Students, March 2020.

Richard A. Posner. A Statistical Study of Antitrust Enforcement. The Journal of Law and
Economics, 13:365-419, 1970.

Richard A. Posner. Antitrust Law. University of Chicago Press, Chicago, 2 edition, 2001.

Robert J. Reynolds and Bruce R. Snapp. The Competitive Effects of Partial Equity Interests
and Joint Ventures. International Journal of Industrial Organization, 4(2):141-153, June 1986.
ISSN 0167-7187. doi: 10.1016/0167-7187(86)90027-5.

Julio J Rotemberg and Garth Saloner. A Supergame-Theoretic Model of Price Wars During
Booms. The American Economic Review, 76(3):390-407, 1986.

Donald B. Rubin. Estimating Causal Effects of Treatments in Randomized and Nonrandomized
Studies. Journal of Educational Psychology, 66(5):688-701, 1974. ISSN 1939-2176.

Francesco Russo, Maarten Pieter Schinkel, Andrea Giinster, and Martin Carree. Furopean
Commission Decisions on Competition: FEconomic Perspectives on Landmark Antitrust and
Merger Cases. Cambridge University Press, Cambridge, UK, 2010.

Igor Sadoune, Marcelin Joanis, and Andrea Lodi. Algorithmic Collusion and the Minimum
Price Markov Game, July 2024.

Steven C. Salop and Lawrence J. White. Economic Analysis of Private Antitrust Litigation.
Georgetown Law Journal, 74:1001-1064, April 1986.

Yuliy Sannikov and Andrzej Skrzypacz. Impossibility of Collusion under Imperfect Monitoring
with Flexible Production. American Economic Review, 97(5):1794-1823, December 2007. ISSN
0002-8282.

Michael Schlechtinger, Damaris Kosack, Franz Krause, and Heiko Paulheim. By Fair Means
or Foul: Quantifying Collusion in a Market Simulation with Deep Reinforcement Learning. In
Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence, IJCAI
24, pages 485-493, Jeju, Korea, August 2024. ISBN 978-1-956792-04-1. doi: 10.24963/ijcai.
2024/54.

Reinhard Selten. A Simple Model of Imperfect Competition. International Journal of Game
Theory, 2(1):141-201, 1973.

Michelle Sovinsky. Do Research Joint Ventures Serve a Collusive Function? Journal of the
European Economic Association, 20(1):430-475, 2022.

34



[106]

(107)

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

G. Spagnolo. Leniency and Whistleblowers in Antitrust. In Buccirossi P.(Ed.), Handbook of
Antitrust Economics. The MIT Press, Cambridge Massachusetts, 2008.

Amanda Starc and Thomas G. Wollmann. Does Entry Remedy Collusion? Evidence from the
Generic Prescription Drug Cartel. American Economic Review, 115(5):1400-1438, May 2025.
ISSN 0002-8282. doi: 10.1257/aer.20220276.

George J Stigler. A Theory of Oligopoly. Journal of Political Economy, 72(1):44-61, 1964.

George Symeonidis. In Which Industries Is Collusion More Likely? Evidence from the UK.
The Journal of Industrial Economics, 51(1):45-74, 2003. ISSN 0022-1821.

Jason Taylor. Cartel Code Attributes and Cartel Performance: An Industry-Level Analysis
of the National Industrial Recovery Act. Journal of Law and Economics, 50:597-624, August
2007.

The R Foundation. R: The R Project for Statistical Computing, 2016.

Robert Tibshirani. Regression Shrinkage and Selection via the Lasso. Journal of the Royal
Statistical Society. Series B (Methodological), 58(1):267-288, 1996. ISSN 0035-9246.

Cento Veljanovski. Cartel Fines in Europe: Law, Practice and Deterrence. World Competition,
30(1):65-86, 2007.

Cento Veljanovski. Deterrence, Recidivism and European Cartel Fines. Journal of Competition
Law and Economics, 7, July 2011.

Jun Zhou. Evaluating Leniency with Missing Information on Undetected Cartels: Exploring
Time-Varying Policy Impacts on Cartel Duration. SSRN Flectronic Journal, April 2012. doi:
10.2139/ssrn.1798424.

Jun Zhou. The Rise and Fall of Cartels with Multi-market Colluders. Review of Industrial
Organization, 48(4):381-403, June 2016.

Jeffrey E. Zimmerman and John M. Connor. Determinants of Cartel Duration: A Cross-
Sectional Study of Modern Private International Cartels, August 2005.

Paul R. Zimmerman. On the Sustainability of Collusion in Bertrand Supergames with Discrete
Pricing and Nonlinear Demand. https://mpra.ub.uni-muenchen.de/20249/, January 2010.

35



Appendix A Summary Statistics

Table 11: Summary Statistics Population (Detected and Undetected Cartels) of Model 1

Mean Median SD Min Max  Skew N

Start 501.24 502 289.60 1 1000 -0.01 24’374
End 507.27 509 289.56 1 1000 -0.01 24’374
Duration 7.03 3 10.30 1 176 3.85 24’374
Ln(Dur) 1.30 1.10 1.09 0 5.17 049 24’374
Detected 0.37 0 0.48 0 1 0.54 24’374
Sample 0.37 0 0.48 0 1 0.54 24’374
TC 6.50 4 6.47 0 39 1.46 24’374
Ln(TC+1) 1.64 1.61 0.90 0 3.69 -0.15 24’374
Rep. Off. 0.77 1 0.42 0 1 -1.28 24’374
K 0.06 0.07 0.02 0 0.10 -0.40 24’374
Type n 3.06 2.72 1.55 1.10 9.77 1.03 24’374
Ln(n) 0.997 1 0.49 0.10 2.28 0.09 24’374

Table 12: Summary Statistics Sample (CA and Leniency Detected Cartels) of Model I

Mean Median SD Min Max  Skew N

Start 494.88 493 289.08 1 1000 0 9’012
End 504.73 504 289.06 1 1000 0 9’012
Duration 10.85 6 13.62 1 176 2.94 9’012
Ln(Dur) 1.76 1.79 1.15 0 5.17 0.07 9012
Detected 1 1 0 1 1 9’012
Sample 1 1 0 1 1 9’012
TC 9.37 7 7.37 1 39 0.99 9’012
Ln(TC+1) 2.07 2.08 0.77 069 3.69 -0.19 9012
Rep. Off. 0.91 1 0.29 0 1 -2.78 9012
K 0.06 0.06 0.02 0 0.10 -0.37 9012
Type n 2.22 1.83 1.19 1.10 9.75 1.86 9012
Ln(n) 0.69 0.61 0.45 0.10 2.28 0.77 9012

Table 13: Summary Statistics Population (Detected and Undetected Cartels) of Model ITA

Mean Median SD Min  Max Skew N
Start 501.13 502 289.62 1 1000  -0.01 24’301
End 507.15 509 289.59 1 1000  -0.01 24’301
Duration 7.02 3 10.28 1 176 3.85 24’301
Ln(Dur) 1.30 1.10 1.09 0 5.17 0.49 24’301
Detected 0.34 0 0.47 0 1 0.68 24’301
Leniency 0.65 1 0.48 0 1 -0.65 24’301
Sample 0.99 1 0.08 0 1 -12.28 24’301
TC 18.05 16 13 0 69 0.79 24’301
Ln(TC+1) 2.66 2.83 0.83 0 4.25 -0.60 24’301
Rep. Off. 0.96 1 0.19 0 1 -4.77 24’301
K 0.06 0.07 0.02 0 0.10 -0.40 24’301
Type n 3.05 2.72 1.54 1.10 9.77 1.03 24’301
Ln(n) 0.99 1 0.49 0.10 2.28 0.09 24’301
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Table 14: Summary Statistics Sample (CA and Leniency Detected Cartels) of Model ITA

Mean Median SD Min Max  Skew N

Start 497.98 498 287.86 1 1000 -0.01 24’143
End 503.97 505 287.77 1 1000 -0.01 24’143
Duration 6.99 3 10.24 1 176 3.87 24’143
Ln(Dur) 1.29 1.10 1.09 0 5.17 0.49 24’143
Detected 0.34 0 0.47 0 1 0.67 24’143
Leniency 0.66 1 0.47 0 1 -0.67 24’143
Sample 1 1 0 1 1 24’143
TC 17.96 15 12.95 1 69 0.79 24’143
Ln(TC+1) 2.65 2.77 0.83 069 425 -0.60 24’143
Rep. Off. 0.96 1 0.19 0 1 -4.75 24’143
K 0.06 0.07 0.02 0 0.10 -0.40 24’143
Type n 3.06 2.72 1.54 1.10 9.77 1.03 24’143
Ln(n) 1 1 0.49 0.10 2.28 0.09 24’143

Table 15: Summary Statistics Population (Detected and Undetected Cartels) of Model IIB

Mean Median SD Min Max  Skew N

Start 497.65 498 289.50 1 1000 0 24’148
End 503.68 505 289.58 1 1000 0 24’148
Duration 7.03 3 10.25 1 170 3.95 24’148
Ln(Dur) 1.31 1.10 1.09 0 5.14 0.48 24’148
Detected 0.36 0 0.48 0 1 0.57 24’148
Leniency 0.12 0 0.33 0 1 2.30 24’148
Sample 0.49 0 0.50 0 1 0.06 24’148
TC 8.16 7 6.65 0 40 1.04 24’148
Ln(TC+1) 1.91 2.08 0.84 0 3.71 -0.48 24’148
Rep. Off. 0.86 1 0.35 0 1 -2.07 24’148
K 0.06 0.07 0.02 0 0.10 -0.39 24’148
Type 7 3.04 2.72 1.53 1.10 9.77 1.05 24’148
Ln(n) 0.99 1 0.49 0.10 2.28 0.10 24’148
Pr(Leniency) 0.19 0.17 0.12 0 0.50 0.39 24’148

Table 16: Summary Statistics Sample (CA and Leniency Detected Cartels) of Model IIB

Mean Median SD Min Max  Skew N

Start 490.58 489 287.32 1 999 0.02 11’742
End 499.08 498 287.42 1 1000  0.02 11’742
Duration 9.49 5 12.59 1 170 3.25 11’742
Ln(Dur) 1.60 1.61 1.15 0 5.14 0.21 11742
Detected 0.75 1 0.43 0 1 -1.14 11'742
Leniency 0.25 0 0.43 0 1 1.14 11742
Sample 1 1 0 1 1 11’742
TC 9.64 8 7.09 1 40 0.90 11°'742
Ln(TC+1) 2.12 2.20 0.74 0.69 3.71 -0.31 11’742
Rep. Off. 0.92 1 0.27 0 1 -3.13 11’742
K 0.06 0.06 0.02 0 0.10 -0.21 11’742
Type n 2.56 2.06 1.45 1.10 9.77 1.55 11’742
Ln(n) 0.81 0.72 0.50 0.10 2.28 0.52 11742
Pr(Leniency) 0.21 0.20 0.12 0 0.50 0.21 11’742
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Table 17: Summary Statistics Population (Detected and Undetected Cartels) of Model III

Mean Median SD Min Max  Skew N

Start 499.82 500 290 1 1000 -0.01 23’197
End 507.50 508 290.01 1 1000 -0.01 23’197
Duration 8.67 3 14.79 1 275 4.54 23’197
Ln(Dur) 1.38 1.10 1.18 0 5.62 0.57 23197
Detected 0.25 0 0.43 0 1 1.14 23’197
Leniency 0.07 0 0.25 0 1 3.44 23197
Sample 0.32 0 0.47 0 1 0.77 23197
TC 5.23 4 4.70 0 30 1.27 23197
Ln(TC+1) 1.53 1.61 0.81 0 3.43  -0.25 23197
Rep. Off. 0.77 1 0.42 0 1 -1.25 23’197
K 0.06 0.07 0.02 0 0.10 -0.39 23197
Type n 3.19 2.85 1.58 1.10 997 0.99 23197
Ln(n) 1.04 1.05 0.49 0.10 2.30 0.04 23197

Table 18: Summary Statistics Sample (CA and Leniency Detected Cartels) of Model 111

Mean Median SD Min Max  Skew N

Start 483.24 478 290.17 1 1000 0 7417
End 496.55 494 290.28 1 1000 -0.01 7417
Duration 14.31 6 20.95 1 275 3.30 7417
Ln(Dur) 1.87 1.79 1.28 0 5.62 0.18 7417
Detected 0.79 1 0.41 0 1 -1.41 7417
Leniency 0.21 0 0.41 0 1 1.41 7417
Sample 1 1 0 1 1 7417
TC 6.97 6 5.20 1 30 0.98 7417
Ln(TC+1) 1.85 1.95 0.69 0.69 3.43 -0.13 7417
Rep. Off. 0.88 1 0.32 0 1 -2.37 7417
K 0.06 0.06 0.02 0 0.10 -0.35 7417
Type n 2.44 1.97 1.38 1.10  9.77 1.64 7417
Ln(n) 0.77 0.68 0.49 0.10 2.28 0.62 7417
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Appendix B Varying Enforcement Tables

Table 19: Varying r in Model III (6 = 0.4)

C% D% R% L% Mean(s) Mean(c) CA Succ P(D) Mean(Dur) 7 0 ICC
0.231  0.000 0.000 0.000 0.800 0.000 0.000 0.000 21.194 0.0 0.04 21.090
0.165 0.078 0.004 0.000 0.722 0.014 0.078 0.211 13.684 0.1 0.04 20.785
0.137 0.074 0.006  0.000 0.653 0.026 0.074 0.308 10.949 0.2 0.04 20.539
0.115 0.068 0.010 0.024 0.501 0.040 0.092 0.377 8.962 0.4 0.04 20.220
0.102 0.062 0.014 0.034 0.378 0.053 0.096 0.416 7.798 0.7 0.04 19.863
0.096 0.061 0.019 0.034 0.304 0.061 0.095 0.441 7.341 1.0 0.04 19.630
Table 20: Varying r in Model III (6 = 1)
C% D% R% L% Mean(s) Mean(oc) CA Succ P(D) Mean(Dur) r 0 1c
0.231  0.000 0.000 0 0.800 0.000 0.000 0.000 21.194 0.0 1 21.090
0.165 0.078 0.004 0 0.722 0.014 0.078 0.211 13.684 0.1 1 20.785
0.137 0.074  0.006 0 0.653 0.026 0.074 0.308 10.949 02 1 20.539
0.111  0.067  0.009 0 0.553 0.044 0.067 0.408 8.592 04 1 20.157
0.093 0.060 0.014 0 0.450 0.063 0.060 0.478 7.089 07 1 19.761
0.088 0.059 0.019 0 0.360 0.072 0.059 0.506 6.652 1.0 1 19.571
Table 21: Varying r in Model III (§ = 0, full leniency)
C% D% R% L% Mean(s) Mean(oc) CA Succ P(D) Mean(Dur) r 0 ICC
0.231  0.000 0.000 0.000 0.800 0.000 0.000 0.000 21.194 0.0 0 21.090
0.173 0.077 0.003 0.089 0.583 0.012 0.166 0.174 14.554 0.1 0 20.745
0.147 0.074 0.006 0.069 0.527 0.021 0.143 0.255 11.930 0.2 0 20.467
0.120 0.068 0.010 0.050 0.452 0.036 0.118 0.345 9.402 04 0 20.021
0.102 0.062 0.014 0.039 0.372 0.052 0.101 0.408 7.870 0.7 0 19.550
0.094 0.059 0.019 0.034 0.310 0.062 0.093 0.442 7.204 1.0 0 19.256
Table 22: Varying 6 in Model III
C% D% R% L% Mean(s) Mean(oc) CA Succ P(D) Mean(Dur) r 0 ICC
0.131 0.071  0.008 0.057 0.486 0.029 0.128 0.307 10.435 0.3 0.00 20.229
0.132 0.072 0.008 0.057 0.485 0.029 0.129 0.307 10.457 0.3 0.01 20.314
0.132 0.072 0.008 0.056 0.487 0.029 0.128 0.308 10.452 0.3 0.02 20.394
0.128 0.071 0.008 0.034 0.528 0.032 0.105 0.330 10.118 0.3 0.03 20.396
0.124 0.071  0.008  0.009 0.580 0.035 0.080 0.355 9.677 0.3 0.04 20.353
0.122  0.071  0.008 0.000 0.600 0.036 0.071 0.366 9.534 0.3 0.05 20.331
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Appendix C Correlation Tables

Table 23: Correlation Table Population Model 1

Ind Start End Dur Ln(Dur) D Sample  TC Rep K n
Industry 1.00 -0.01 -0.01 0.00 -0.01 -0.01 -0.01 0.01 -0.02 0.03 -0.01
Start -0.01 1.00 1.00 -0.02 -0.02 -0.02 -0.02 0.54 0.43 -0.01 0.01
End -0.01 1.00 1.00 0.01 0.01 -0.01 -0.01 0.55 044 -0.01 -0.01
Duration 0.00 -0.02 0.01 1.00 0.81 0.28 0.28 0.29 0.17  -0.03 -0.43
Ln(Dur) -0.01  -0.02 0.01 0.81 1.00 0.32 0.32 0.35 0.24 -0.04 -0.58
Detected  -0.01 -0.02 -0.01 0.28 0.32 1.00 1.00 0.34 0.25 -0.03 -0.41
Sample -0.01 -0.02 -0.01 0.28 0.32 1.00 1.00 0.34 0.25 -0.03 -0.41
TC 0.01 0.54 0.55 0.29 0.35 0.34 0.34 1.00 0.50 0.26  -0.55
Rep. Off. -0.02 0.43 0.44 0.17 0.24 0.25 0.25 0.50 1.00 0.15 -0.45
K 0.03 -0.01 -0.01 -0.03 -0.04 -0.03 -0.03 0.26 0.15 1.00 -0.11
Type n -0.01 0.01 -0.01  -0.43 -0.58 -0.41 -0.41 -0.55 -0.45 -0.11 1.00
Table 24: Correlation Table Population Model ITA
Ind Start  End Dur  Ln(Dur) D Len  Sample TC Rep K n
Industry 1.00 -0.01 -0.01 0.00 -0.01 0.00 0.00 0.00 0.02 0.00 0.03 -0.01
Start -0.01 1.00 1.00 -0.02 -0.02 -0.02 -0.01 -0.13 0.76 0.30 -0.01 0.01
End -0.01 1.00 1.00 0.01 0.01 -0.01 -0.02 -0.14 0.76 0.30 -0.01 -0.01
Duration 0.00 -0.02 0.01 1.00 0.81 0.30 -0.31 -0.04 -0.05 0.00 -0.03 -0.43
Ln(Dur) -0.01 -0.02 0.01 0.81 1.00 0.34 -0.35 -0.04 -0.01 0.02 -0.04 -0.58
Detected 0.00 -0.02 -0.01 0.30 0.34 1.00 -0.99 0.06 -0.05 -0.01 -0.03 -0.44
Leniency 0.00 -0.01 -0.02 -0.31 -0.35 -0.99 1.00 0.11 0.03 0.00 0.03 0.45
Sample 0.00 -0.13 -0.14 -0.04 -0.04 0.06 0.11 1.00 -0.09 -0.01 0.00 0.05
TC 0.02 0.76 0.76  -0.05 -0.01 -0.05 0.03 -0.09 1.00 0.26 042 -0.16
Rep. Offt.  0.00 0.30 0.30 0.00 0.02 -0.01  0.00 -0.01 0.26 1.00 0.11  -0.07
K 0.03 -0.01 -0.01 -0.03 -0.04 -0.03  0.03 0.00 0.42 0.11 1.00 -0.11
Type n -0.01 0.01 -0.01 -0.43 -0.58 -0.44  0.45 0.05 -0.16 -0.07 -0.11 1.00
Table 25: Correlation Table Population Model I11B
Ind Start End Dur Ln(Dur) D Len  Sample TC Rep K n Pr(Len)
Industry 1.00 0.00 0.00 0.00 0.01 0.00 -0.01 0.00 0.01 0.01 0.02 -0.01 -0.02
Start 0.00 1.00 1.00 -0.01 -0.01 -0.02 0.00 -0.02 0.67 0.45 -0.01 0.01 0.01
End 0.00 1.00 1.00 0.03 0.02 -0.01 -0.01 -0.02 0.68 045 -0.01 -0.01 0.01
Duration  0.00 -0.01 0.03 1.00 0.81 0.29 -0.07 0.23 0.25 0.11  -0.03 -0.43 0.03
Ln(Dur) 0.01  -0.01 0.02 0.81 1.00 0.33  -0.08 0.26 0.30 0.16 -0.04 -0.57 0.04
Detected  0.00 -0.02 -0.01 0.29 0.33 1.00 -0.28 0.78 0.27 0.16 -0.02 -0.42 0.02
Leniency  -0.01 0.00 -0.01 -0.07 -0.08 -0.28  1.00 0.38 -0.07 0.03 -0.24 0.16 0.24
Sample 0.00 -0.02 -0.02 0.23 0.26 0.78 0.38 1.00 0.22 0.17 -0.17 -0.30 0.17
TC 0.01 0.67 0.68 0.25 0.30 0.27  -0.07 0.22 1.00 0.46 0.17  -0.49 -0.17
Rep 0.01 0.45 0.45 0.11 0.16 0.16 0.03 0.17 0.46 1.00 0.02 -0.31 -0.02
K 0.02 -0.01 -0.01 -0.03 -0.04 -0.02 -0.24 -0.17 0.17 0.02 1.00 -0.12 -1.00
Type n -0.01 0.01 -0.01 -0.43 -0.57 -0.42  0.16 -0.30 -049 -0.31 -0.12 1.00 0.12
Pr(Len) -0.02 0.01 0.01 0.03 0.04 0.02 0.24 0.17 -0.17  -0.02 -1.00 0.12 1.00
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Table 26: Correlation Table Population Model 111

Ind Start End Dur Ln(Dur) D Len  Sample TC Rep K n
Industry 1.00 -0.01 -0.01 0.00 -0.01 0.00 0.00 0.00 0.02 0.00 0.03 -0.01
Start -0.01 1.00 1.00 -0.02 -0.02 -0.03  -0.03 -0.04 0.58 0.44 -0.01 0.01
End -0.01 1.00 1.00 0.03 0.02 -0.01  -0.03 -0.03 0.59 045 -0.01 -0.01
Duration 0.00 -0.02 0.03 1.00 0.78 0.31  -0.05 0.26 0.24 0.13 -0.05 -0.42
Ln(Dur) -0.01  -0.02 0.02 0.78 1.00 0.34 -0.06 0.28 0.31 0.19 -0.06 -0.61
Detected 0.00 -0.03 -0.01 0.31 0.34 1.00 -0.16 0.85 0.28 0.19 -0.04 -0.38
Leniency 0.00 -0.03 -0.03 -0.05 -0.06 -0.16  1.00 0.39 -0.01  0.03 0.00 0.07
Sample 0.00 -0.04 -0.03 0.26 0.28 0.85 0.39 1.00 0.25 0.19 -0.03 -0.32
TC 0.02 0.58 0.59 0.24 0.31 0.28 -0.01 0.25 1.00 0.55 0.29 -0.49
Rep. Off.  0.00 0.44 0.45 0.13 0.19 0.19 0.03 0.19 0.55 1.00 0.20 -0.37
K 0.03 -0.01 -0.01 -0.05 -0.06 -0.04  0.00 -0.03 0.29 0.20 1.00 -0.10
Type n -0.01 0.01 -0.01 -0.42 -0.61 -0.38  0.07 -0.32 -0.49 -0.37 -0.10 1.00
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Appendix D Regression Tables

Table 27: Linear Regression for Cartel Duration (Model I)

Sample Undetected Cartels
Ln(TC+1) —0.012 —0.015* —0.015*
(0.016) (0.009) (0.008)
K —3.536*** —4.772%** —4.388***
(0.430) (0.273) (0.233)
Ln(n) —1.460*** —1.335*** —1.408***
(0.026) (0.018) (0.014)
Constant 3.004*** 2.926*** 3.001***
(0.047) (0.034) (0.027)
Observations 9’012 15’362 24’374
R2 0.314 0.333 0.393
Adjusted R2 0.314 0.333 0.393

Table 28: Linear Regression for Cartel Duration (Model IIA)

CA Detected Leniency Sample Undetected Cartels

Ln(TC+1) —0.015 —0.044***  —0.039*** 0.026 —0.038***
(0.014) (0.008) (0.007) (0.204) (0.007)

K —3.285*** —4.422%**  —3.969*** —5.109 —3.974***
(0.469) (0.280) (0.245) (4.622) (0.244)

Ln(n) —1.467*** —1.333***  —1.376*** —1.614*** —1.378%**
(0.026) (0.015) (0.013) (0.187) (0.013)

Leniency —0.048*** —0.048***
(0.014) (0.014)

Constant 3.001*** 2.991%** 3.048*** 3.112%** 3.050***
(0.043) (0.032) (0.024) (0.571) (0.024)
Observations 8’237 15’906 24’143 158 24’301
R? 0.288 0.331 0.394 0.328 0.394
Adjusted R2 0.288 0.331 0.394 0.314 0.394
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Table 29: Linear Regression for Cartel Duration (Model IIB)

CA Detected Leniency Sample Undetected Cartels
Ln(TC+1) 0.006 —0.034 —0.003 —0.014 —0.009
(0.015) (0.024) (0.013) (0.009) (0.008)
K —3.676*** —3.999%**  —3.779*** —4.572%** —4.329***
(0.432) (0.666) (0.365) (0.306) (0.234)
Ln(n) —1.440*** —1.288***  —1.401*** —1.313*** —1.389***
(0.025) (0.037) (0.021) (0.019) (0.013)
Leniency —0.010 0.005
(0.023) (0.018)
Constant 2.962*** 2.884*** 2.962%** 2.886%** 2.971%**
(0.048) (0.080) (0.041) (0.040) (0.028)
Observations 8’782 2’960 11742 12’406 24’148
R? 0.300 0.324 0.353 0.323 0.384
Adjusted R2 0.300 0.323 0.353 0.323 0.384

Table 30: Linear Regression for Cartel Duration (Model III)

CA Detected Leniency Sample Undetected Cartels

Ln(TC+1) —0.032 —0.046 —0.034* —0.027*** —0.029***
(0.022) (0.037) (0.019) (0.010) (0.009)

K —4.156*** —6.316***  —4.708*** —5.251%** —5.196***
(0.559) (0.888) (0.480) (0.284) (0.246)

Ln(n) —1.795%** —1.471%** —1.725%** —1.551%*** —1.644%***
(0.033) (0.054) (0.028) (0.017) (0.014)
Leniency —0.029 —0.019
(0.031) (0.023)

Constant 3.556%** 3.339*** 3.548*** 3.336%** 3.464***
(0.058) (0.113) (0.051) (0.032) (0.026)
Observations 5843 1’574 7417 15’780 23’197
R2 0.374 0.361 0.425 0.389 0.450
Adjusted R2 0.374 0.360 0.425 0.389 0.450

Table 31: Duration Linear Regression and Lasso CV (Model I)

Sample Cartels Sample Lasso  Cartels Lasso
Ln(TC+1) —0.012 —0.015* —0.012 —0.015*
(0.016) (0.008) (0.016) (0.008)
K —3.536***  —4.388*** —3.536*** —4.388***
(0.430) (0.233) (0.430) (0.233)
Ln(n) —1.460*** —1.408*** —1.460*** —1.408***
(0.026) (0.014) (0.026) (0.014)
Constant 3.004*** 3.001*** 3.004*** 3.001***
(0.047) (0.027) (0.047) (0.027)
Observations 9’012 24’374 9’012 24’374
R2 0.314 0.393 0.314 0.393
Adjusted R2 0.314 0.393 0.314 0.393
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Table 32: Duration Linear Regression and Lasso CV (Model IIA)

Sample Cartels Sample Lasso  Cartels Lasso
Ln(TC+1) —0.039***  —0.038*** 0.007 0.008
(0.007) (0.007) (0.016) (0.016)
K —3.969***  —3.974*** —4.011%** —4.018***
(0.245) (0.244) (0.245) (0.244)
Ln(n) —1.376***  —1.378*** —1.371*** —1.372%**
(0.013) (0.013) (0.041) (0.041)
Ln(n) - Leniency 0.142%** 0.144***
(0.028) (0.028)
Ln(n) - Ln(TC + 1) —0.040*** —0.041%**
(0.014) (0.014)
Leniency —0.048***  —(0.048*** —0.164*** —0.166***
(0.014) (0.014) (0.027) (0.027)
Constant 3.048*** 3.050*** 2.996*** 2.996***
(0.024) (0.024) (0.044) (0.044)
Observations 24’143 24’301 24'143 24’301
R? 0.394 0.394 0.395 0.395
Adjusted R2 0.394 0.394 0.395 0.395

Table 33: Duration Linear Regression and Lasso CV (Model IIB)

Sample Cartels Sample Lasso  Cartels Lasso
Ln(TC+1) —0.003 —0.009 0.081*** 0.101***
(0.013) (0.008) (0.022) (0.015)
K —=3.779***  —4.329*** —3.838%** —4.422%**
(0.365) (0.234) (0.365) (0.234)
Ln(n) —1.401***  —1.389*** —1.219*** —1.201***
(0.021) (0.013) (0.055) (0.027)
Ln(n) - Leniency 0.118** 0.107***
(0.047) (0.038)
Ln(n) - Ln(TC +1) —0.114*** —0.112%**
(0.025) (0.013)
Leniency —0.010 0.005 —0.136** —0.111**
(0.023) (0.018) (0.055) (0.048)
Constant 2.962*** 2.971%** 2.813*** 2.768%**
(0.041) (0.028) (0.056) (0.038)
Observations 11°742 24’148 11’742 24’148
R? 0.353 0.384 0.355 0.386
Adjusted R2 0.353 0.384 0.354 0.386
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Table 34: Duration Linear Regression and Lasso CV (Model IIT)

Sample Cartels Sample Lasso  Cartels Lasso
Ln(TC+1) —0.034* —0.029*** 0.068** 0.144***
(0.019) (0.009) (0.031) (0.017)
K —4.708***  —5.196*** —4.516*** —5.047***
(0.480) (0.246) (0.479) (0.246)
Ln(n) —1.725%**  —1.644*** —1.538*** —1.408***
(0.028) (0.014) (0.070) (0.025)
Ln(n) - Leniency 0.275*** 0.205***
(0.066) (0.052)
Ln(n) - Ln(TC +1) —0.154*** —0.174%**
(0.037) (0.014)
Leniency —0.029 —0.019 —0.324*** —0.239***
(0.031) (0.023) (0.077) (0.065)
Constant 3.548*** 3.464** 3.393*** 3.184***
(0.051) (0.026) (0.070) (0.036)
Observations 7417 23’197 7417 23’197
R? 0.425 0.450 0.429 0.454
Adjusted R? 0.425 0.450 0.428 0.454

Table 35: Hazard Rate Regression for Cartel Duration (Model I)

Cartel Death

HRSample HRUndetect = HRCartels
Ln(TC+1) 0.016 0.004 0.006
(0.017) (0.012) (0.009)
K 4.716%** 8.166*** 6.792%**
(0.457) (0.350) (0.276)
Ln(n) 1.958* 2.228%** 2.122%%*
(0.032) (0.027) (0.020)
Observations 9’012 15’362 24’374
Log Likelihood  —28’313.62 —34°466.92 —62’858.26

Table 36: Hazard Rate Regression for Cartel Duration (Model ITA)

Cartel Death

CA Detected Leniency Sample Cartels
Ln(TC+1) 0.015 0.058*** 0.044*** 0.034***
(0.015) (0.011) (0.009) (0.008)
K 4.439*** T7.479%** 6.286*** 6.401***
(0.494) (0.360) (0.291) (0.290)
Ln(n) 1.930*** 2.225%** 2.105%** 2.101%**
(0.031) (0.024) (0.019) (0.019)
Leniency 0.035** 0.058***
(0.016) (0.016)
Observations 8237 15’906 24’143 24’301
Log Likelihood —26°488.69 —35’855.72 —62’462.72  —62’614.75
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Table 37: Hazard Rate Regression for Cartel Duration (Model IIB)

Cartel Death

CA Detected  Leniency Sample Undetected Cartels

Ln(TC+1) —0.002 0.044 0.008 0.006 0.002
(0.016) (0.031) (0.014) (0.012) (0.009)
K 5.277*** 7.616%** 5.774*** 7.947*** 6.942%**
(0.454) (0.862) (0.402) (0.401) (0.280)
Ln(n) 1.935%** 2.160*** 1.977%** 2.254%** 2.125%**
(0.031) (0.056) (0.027) (0.030) (0.019)

Leniency 0.023 0.001
(0.025) (0.021)

Observations 8’782 2’960 11’742 12’406 24’148

Log Likelihood —27°808.33 —6’833.12 —34’686.70 —27640.48 —62’385.75

Table 38: Hazard Rate Regression for Cartel Duration (Model III)

Cartel Death

CA Detected Leniency Sample Undetected Cartels

Ln(TC+1) 0.060*** 0.042 0.057*** 0.019 0.030***

(0.022) (0.047) (0.020) (0.012) (0.010)

K 5.094*** 10.279*** 6.108*** 8.484*** 7707

(0.559) (1.121) (0.499) (0.348) (0.284)

Ln(n) 2.301*** 2.344** 2.297*** 2.458*** 2.423%**

(0.040) (0.079) (0.036) (0.026) (0.020)

Leniency 0.023 0.020

(0.032) (0.026)

Observations 5'843 1’574 7417 15’780 23’197
Log Likelihood —20’397.88 =3’'777.98 —24’215.46 —37'704.22 —61’971.88

Table 39: Duration Hazard Rate Regression and Lasso CV (Model IIA)

Sample Cartels Sample Lasso  Cartels Lasso
Ln(TC+1) 0.044*** 0.034*** —0.014 —0.036*
(0.009) (0.008) (0.018) (0.018)
K 6.286*** 6.401*** 6.296*** 6.408***
(0.291) (0.290) (0.291) (0.290)
Ln(n) 2.105%** 2.101%** 2.008*** 1.975%**
(0.019) (0.019) (0.049) (0.049)
Leniency 0.035** 0.058*** 0.073** 0.094***
(0.016) (0.016) (0.031) (0.031)
Ln(n) - Leniency —0.050 —0.049
(0.032) (0.032)
Ln(n) - Ln(TC +1) 0.055*** 0.067***
(0.016) (0.016)
Observations 24’143 24’301 24’143 24’301
Log Likelihood —62’462.72  —62’614.75 —62'431.11 —62’604.24

46



Table 40: Duration Hazard Rate Regression and Lasso CV (Model 1IB)

Sample Cartels Sample Lasso  Cartels Lasso
Ln(TC+1) 0.008 0.002 —0.090*** —0.123***
(0.014) (0.009) (0.024) (0.018)
K 5.774%** 6.942%** 5.872%** 7.057**
(0.402) (0.280) (0.403) (0.280)
Ln(n) 1.977*** 2.125%** 1.755%** 1.917***
(0.027) (0.019) (0.061) (0.034)
Leniency 0.023 0.001 0.092 0.123**
(0.025) (0.021) (0.058) (0.055)
Ln(n) - Leniency —0.063 —0.111%**
(0.049) (0.043)
Ln(n) - Ln(TC +1) 0.131*** 0.126***
(0.027) (0.015)
Observations 11°742 24’148 11°742 24’148
Log Likelihood —34’686.70  —62’385.75 —34’649.96 —62346.44

Table 41: Duration Hazard Rate Regression and Lasso CV (Model III)

Sample Cartels Sample Lasso  Cartels Lasso
Ln(TC+1) 0.057*** 0.030*** —0.057* —0.155%**
(0.020) (0.010) (0.031) (0.019)
K 6.108*** 7.707** 5.931*** 7.562%**
(0.499) (0.284) (0.500) (0.284)
Ln(n) 2.297%%* 2.423%%* 2.090*** 2.180%**
(0.036) (0.020) (0.072) (0.030)
Leniency 0.023 0.020 0.286*** 0.257***
(0.032) (0.026) (0.076) (0.071)
Ln(n) - Leniency —0.244*** —0.219***
(0.065) (0.057)
Ln(n) - Ln(TC + 1) 0.173%** 0.187***
(0.038) (0.016)
Observations 7417 23’197 7417 23’197
Log Likelihood —24’215.46  —61’971.88 —24’166.47 —61'894.36

Table 42: Duration Linear Regression 95% Confidence Intervals (Model IIA)

CA Detected Leniency Sample Undetected Population

Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper
Ln(TC+1) -0.043 0.013 -6e-02 -0.028 -0.053 -0.025 -0.377 0.43 -0.053  -0.024
K -4.205  -2.365 -4.97 -3.874  -4.449 -3.49 -14.238  4.021  -4.453  -3.495
Ln(n) -1.517  -1.417 -1.362 -1.303  -1.402 -1.35 -1.983 -1.246  -1.404 -1.352
Leniency -0.075  -0.021 -0.075  -0.022
Constant 2.917 3.085 2.928 3.054 3.001 3.096 1.985 4.24 3.002 3.097
N 8237 15’906 24’143 158 24’301
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Table 43: Duration Linear Regression and Lasso CV 95% Confidence Intervals (Model ITA)

Sample Population Sample Lasso Population Lasso
Lower Upper Lower Upper Lower Upper Lower Upper
Leniency -0.075 -0.021 -0.075 -0.022 -0.216 -0.111 -0.218 -0.114
Ln(TC+1) -0.053  -0.025 -0.053 -0.024 -0.024 0.038 -0.023 0.039
K -4.449  -3.490 -4.453 -3.495 -4.491 -3.532 -4.497 -3.539
Ln(n) -1.402 -1.350 -1.404 -1.352 -1.451 -1.292 -1.452 -1.292
Ln(n) - Leniency 0.087  0.196 9e-2 0.198
Ln(n) - Ln(TC + 1) -0.067 -0.013 -0.068 -0.014
Constant 3.001 3.096 3.002 3.097 2.910 3.082 2.909 3.082
N 24’143 24’301 24’143 24’301
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Appendix E Additional Figures
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Figure 9: Bias of ADT and ACD for each group of equal variables in Model ITA.
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