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Abstract 

In this study, we investigate the impact of cartel recidivism on innovation. Combining 

data from an international price-fixing cartel database with the structural characteristics 

of the US manufacturing sectors at the six-digit NAICS level, we analyze how cartel 

recidivists influence subsequent innovation outcomes. Using a staggered difference-in-

differences (DiD) framework for 110 US price-fixing cartel cases over the period 1979-

2016 and a novel heterogeneous estimator, we find that cartel recidivists lead to a 

significant and sustained decline in innovation progress. Repeat offenders 

exhibit average decreases of 5% in technological progress, which become stronger and 

more permanent over time, when we use the heterogeneous DiD estimator. When we 

account for an alternative control group, cartel recidivists experience even more 

pronounced declines in innovation (57% on average), suggesting that recidivism 

entrenches short-term rent-seeking incentives at the expense of dynamic capabilities of 

the industries. Our estimated treatment effect captures the average impact experienced 

by treated firms over approximately four post-treatment years. However, when we split 

the sample into firms involved in cartels only once (single cartel offenders), the results 

indicate no meaningful effect on innovation. We argue thus that cartel recidivists, rather 

than single offenders, drive the negative impact of collusion on innovation. The results 

of this study are robust to several robustness tests, justifying the absence of pretreatment 

effects and endogeneity.  
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1. Introduction  

 

Cartel recidivism often reflects persistent structural or cultural incentives within 

organisations that encourage illegal collusion. Multiple offenders may have learned 

how to evade detection, developed more sophisticated collusive tactics, or possess 

organisational traits that make them particularly prone to recidivism. These factors 

justify a separate focus on recidivism as a phenomenon that cannot be fully understood 

by treating it as a simple repetition of one-time offenses. We argue that recidivism is 

linked to the credibility of enforcement mechanisms and exacerbates market 

distortions, potentially creating enduring harm to competition.  

Recidivism differs from standard (static) models of collusion with one-shot 

deviations, since it emphasizes the lasting impact of past deviations on future collusive 

behavior. In standard theoretical models (see Green and Porter, 1984), deviations 

trigger temporary, symmetric punishments, after which collusion reverts. In contrast, 

cartel recidivism introduces a dynamic (sequential) approach in the sense that prior 

collusive episodes reshape firms’ future incentives and rivals’ behavior (see Rotemberg 

and Saloner, 1986). As a result, innovation may become strategically intertemporal, 

with firms investing to influence the durability or terms of future collusion, a 

mechanism which is absent in static frameworks (see Lafontaine and Slade, 2007). 

From empirical and theoretical standpoints, cartel recidivism is not treated as 

simply an accumulation of unrelated cartel cases. On the contrary, it can be regarded as 

a dynamic process in which the same firms keep formulating explicit collusion multiple 

times. Specifically, empirical research reveals that recidivist cartels tend to last longer, 

overcharge and bounce back from being caught faster than first-time offenders 

(Levenstein and Suslow, 2006, 2011 and Connor, 2010). Persistent violations could, in 

theory, make competition worse by making collusion normal in some markets, making 
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deterrence less credible, and lowering productivity because of ongoing inefficiencies. 

These characteristics make recidivism stand out and set it apart from other things. 

In this study, we define a cartel recidivist as a multiple offender with at least 

two cartel fines (Connor, 2010; Le Coq & Marvão, 2021; Marvão, 2023), and a single 

cartel offender as a firm with only one cartel fine. Therefore, repeat offenders refer to 

instances where the same firm or group of firms engages in cartel behavior again, 

following prior detection and sanction (Fotis and Polemis, 2026). For example, a firm 

that is involved in cartels in two distinct industries (e.g., Samsung’s price fixing cases 

in the DRAM and LCD markets) is defined as a repeat (multiple) offender.      

To distinguish sequential recidivism from simultaneous multi-market collusion, 

we require that the second cartel episode begin after the termination of the first 

episode’s conduct period. Firms engaged in overlapping cartels are not classified as 

recidivists, as such cases reflect contemporaneous coordination rather than repeated 

engagement following enforcement. We then aggregate firm-level recidivism to the 6-

digit NAICS industry level. An industry is classified as recidivist if at least one firm 

operating within it meets the sequential recidivism criterion. This definition captures 

the presence of persistent collusive capability within the industry and aligns with 

enforcement-based interpretations of recidivism.  

Cartel recidivism reflects a recurring cycle in which firms, following the 

imposition of fines, re-engage in collusive behaviour (Marvão and Spagnolo, 2023). 

This persistent anti-competitive conduct is often fueled by a mix of economic 

motivations, entrenched organisational practices, and gaps in competition law 

enforcement. Industries characterized by high entry barriers, low levels of competition, 

and substantial potential for price control are particularly susceptible to multiple cartel 

activity. Moreover, cartel recidivism can be a response to declining productivity or 
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profitability in an industry (Harrington, 2018). When firms face decreased revenues or 

increased competition intensity, they may be subjected to collusion to restore 

profitability. In other words, declining productivity or profitability can create an 

environment where firms are more likely to revert to cartel behaviour as a strategy to 

mitigate financial difficulties.  

This study contributes to the literature in many ways. First, it goes beyond the 

existing literature focusing on the impact of cartel recidivism on innovation outcomes, 

an issue that has been overlooked by previous studies since they rely solely on the 

interplay between collusion and innovation, providing mixed results. Given this 

ambiguity, it is important to shed light on cartel recidivist behavior to determine the 

extent of possible permanent effects on innovation outcomes within the industry. 

Second, it extends the conventional DiD approach employing sophisticated 

econometric techniques within a staggered heterogeneous framework to quantify causal 

effects. Third, it distinguishes between recidivists (multiple offenders) and single 

offenders, underscoring the persistent behavioral impact of recidivism. As a result, the 

study offers new insights for cartel enforcement to competition authorities, 

emphasizing the need for tailor-made sanctions and strong deterrence mechanisms 

against recidivist behavior. 

Using a DiD econometric methodology and comparing multiple colluding firms 

with both single offenders and non-colluding ones for a sample of 110 manufacturing 

six-digit sectors in the US, our findings postulate that there is a strong negative 

relationship between cartel recidivism and firm innovation. Firms that multiply offend 

antitrust law show an average 5% reduction in innovation. When compared to non-

colluding firms, the decline in innovation among recidivists becomes even more 

substantial, averaging 57%.  
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The rest of the paper unfolds as follows: Section 2 reviews the literature, and 

Section 3 presents the theoretical framework and the main research hypotheses. Section 

4 presents the data and the methodology applied. Section 5 discusses the main results 

of the study, while Section 6 performs the necessary robustness checks. Lastly, Section 

7 concludes the paper and offers some policy implications. 

2. Literature review  

 

This study contributes to the strand of literature examining the relationship 

between collusive behavior and innovation. Existing research focusing on how 

collusive practices among firms engaged in antitrust violations (cartels) influence 

innovation has yielded mixed results.1  

From a theoretical standpoint, collusion or semi-collusion may provide higher 

innovation incentives (see Basak and Mukherjee 2024; Hinloopen 2017; Bacchiega et 

al. 2010; Symeonidis 2002; Baumol 1992; Loury 1979; Schumpeter 1934, 1942).2 Most 

significantly, in the seminal work of Schumpeter (1942), it is well established that the 

competitive firm may be a perfectly suitable vehicle for static resource allocation, but 

large firms operating in a concentrated market are the powerful engine of technological 

progress and long-run expansion of output. Moreover, the expansion of innovation 

requires a limited competitive market since large but not small firms invest in fixed, 

long-term and risk-taking investments. Therefore, the level of financial resources of 

competitive firms is lower than the level required to promote innovative progress.   

Loury (1979) claims that in a model of R&D rivalry, firms maximize their 

expected profits. The study finds that the higher the rivalry among firms, the lower their 

equilibrium incentives to invest in innovation. Baumol (1992) argues that cartels 

 
1 For an extensive literature review on the competition-innovation nexus, see among others Kang (2025).  
2 Semi-collusions refer to firms that collude in productive activities but compete in other fields such as 

R&D investments (Basak and Mukherjee, 2024).  
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encourage the dissemination of technology and increase R&D outlays by their members 

since it reduces (increases) incremental cost (return). Moreover, cartels may enhance 

productivity growth by increasing the number of firms that spend on R&D activities to 

be cartel members.  

Bacchiega et al. (2010) argue that repeatedly competing firms refrain from 

investing in R&D and this result decreases social welfare. However, from an antitrust 

point of view, it may be socially beneficial if firms jointly promote R&D activity, which 

unlocks investments otherwise reined in by competition. Therefore, an antitrust policy 

aiming at preventing cooperation at the R&D level could turn out to be detrimental to 

welfare.  

In a recent study, Hinloopen (2017) shows that collusion quickly enhances the 

level of innovation adopted in the product market and is more likely to yield higher 

market welfare. Similarly, semi-collusion increases innovation incentives under 

process innovation when the probability of success in R&D is high and firms invest in 

product innovation (Basak and Mukherjee, 2024; Scherer, 1980).   

On the contrary, Arrow (1962), Fudenberg and Tirole (1985) and Igami et al. 

(2022) argue that the incentive to innovate is higher in competitive industries. Arrow 

(1962) suggests that firms or cartels that set monopoly prices do not promote innovative 

progress since they enjoy excessive profits. In this spirit, it is argued that only 

competitive firms innovate to get higher marginal returns than their competitors. 

Fudenberg and Tirole (1985) state that competition might speed up innovation as firms 

attempt to preempt each other in a technological race. Subsequent work by Igami et al. 

(2022) provides support for the Arrow hypothesis, suggesting that in a dynamic 

oligopolistic environment with endogenous innovation, firms’ incentives to innovate 

would have been greater in the absence of collusive behavior. Similarly, Scherer (1980) 
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states that cartels are responsible for slowing down innovation efforts (see also 

Maclaurin 1949; Bright and Maclaurin 1943). 

From an empirical perspective, in excessively competitive environments, firms 

cannot extract sufficient rents from investments in innovation and, therefore, postpone 

or foreclosure innovation. However, monopolization may induce firms to possess low 

incentives to innovate, but there are also circumstances in which cooperation among 

firms might enhance innovation and productivity (Aghion et al, 2005).  

In a recent study, Fotis and Polemis (2026), investigate the relationship between 

cartel recidivism and industry productivity growth using data on US cartel cases over 

the period (1966–2016). They argue in favor of a negative relationship between 

recidivism and productivity growth, suggesting that industries with higher rates of 

repeat cartel offenses experience slower total factor productivity growth. In contrast, 

markets without either single or repeat offenders tend to exhibit higher productivity 

growth, indicating that persistent anti-competitive behavior may weaken the 

effectiveness of antitrust enforcement and hinder competitive dynamics that support 

productivity improvements. 

On the one hand, participation in cartels is found to be significantly associated 

with increased levels of innovation (see, among others, Kang 2025; Macher et al. 2021; 

Cortat 2009; Greenhalgh and Rogers 2006). Using data from 461 cartel cases from the 

United States over the period (1975-2016), Kang (2025) claims that participation in 

price-fixing cartels is associated with a significant increase in firms’ innovation. 

Specifically, colluded firms experience a significant increase in R&D investment, 

reaching up to 28%. However, once cartels were dissolved, these innovation activities 

returned to pre-collusion levels. The effects are stronger in fast-growing, patent-

intensive industries, highlighting the role of technological opportunities.  
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While Kang (2025) provides pioneering evidence that price-fixing cartels on 

average are associated with increases in patenting, R&D investment, and innovation 

breadth across industries, this study differs substantively both empirically and 

conceptually. First, we extend the empirical setting by classifying cartels according to 

recidivist behavior and enforcement history, revealing that innovation and productivity 

outcomes are not uniform but vary systematically with cartel type and competitive 

context. Second, our identification strategy incorporates staggered difference-in-

differences with heterogeneous estimators and instrumented timing, improving causal 

interpretation of differential cartel impacts. Third, whereas Kang (2025) emphasizes 

financial slack and managerial expectations as mechanisms, we show that competition 

destruction, deterrence effects, and differential innovation responses across cartel 

histories shape long-run firm performance. Finally, we derive implications for optimal 

enforcement design, highlighting how antitrust policy should consider both cartel 

behavior and downstream innovation/productivity trade-offs.  

Macher et al. (2021) find that the adoption of a key technological innovation 

declines as the number of rival firms increases. Cortat (2009) argues that the absence 

of competition between cartel members may be advantageous, from a financial 

standpoint, leading them to grant patents to other counterparts and thus accelerating the 

diffusion of innovation. Similarly, Greenhalgh and Rogers (2006) argue that in highly 

competitive sectors, the market valuation of R&D tends to be relatively low; however, 

within these sectors, leading firms exhibit comparatively higher R&D valuations. Their 

findings support the Schumpeterian theory of innovation.  

On the other hand, Petit et al. (2015) assume that the relationship between 

cartels and productivity growth may also be indirect, namely via innovation. Using TFP 

growth and cartel endogenous variables (entry, termination, and presence) from 27 



9 
 

industries of the Netherlands in the period 1982–1998, they directly estimate the effects 

of cartel formation on TFP growth and, indirectly, the effects of cartel formation on 

innovation. They found a negative effect of cartel formation on TFP and, hence, on 

innovation. Kovacic et al. (2021) analyze the rampant price fixing in the U.S. chemical 

industry from 1980 to the present and conclude that patents are probably a crucial tool 

to manage and maintain cartels since serial colluders in the said industry acquired and 

used patents to support their collusion, either by coordinating their output and prices or 

by deterring new entry. 

Despite extensive research on the effects of collusion on innovation, the role of 

cartel recidivism on innovation remains unexplored. Understanding this dimension is 

important because multiply collusive behavior may reflect persistent structural or 

strategic characteristics -such as long-term coordination, information sharing, or 

financial slack- that influence firms’ innovation incentives. Recidivists may either 

dampen innovation by reducing competitive pressure or facilitate it by providing 

predictable returns and lowering uncertainty, creating conditions conducive to 

sustained R&D investment. While prior studies document the effects of cartels (both 

recidivists and single offenders) on innovation, nothing is known about the dynamic, 

cumulative impact of recidivism on it. Examining this nexus can therefore shed light 

on how persistent anti-competitive behavior shapes firms’ innovation strategies and the 

long-run evolution of industry productivity. 

3. Theoretical Framework and Hypothesis Testing 

 

D’Aspremont and Jacquemin (1988) model of process R&D with spillovers 

analyzes a two-stage decision problem of process innovation. Based on this model, in 

the first stage of the game, firms compete in R&D efforts, whereas at the second stage 

they choose output levels (Cournot competition). The analysis focuses on three possible 
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settings: a) Firms compete at both stages (CO), b) Firms collusively choose R&D 

efforts while they independently choose quantity levels (COLCO) and c) Firms jointly 

decide R&D efforts and output at both stages (COL). D’Aspremont and Jacquemin 

(1988) argue that social welfare under the first scenario (CO) is higher than under the 

second scenario (COLCO) for low levels of R&D spillovers. That is, 

𝑆𝑊𝐶𝑂 > 𝑆𝑊𝐶𝑂𝐿𝐶𝑂 𝑓𝑜𝑟 𝛽 <
1

2
                                                                                              (1) 

where 𝑆𝑊𝐶𝑂 denotes social welfare under the first scenario, 𝑆𝑊𝐶𝑂𝐿𝐶𝑂 is the social 

welfare under second scenario and 𝛽 ∈ [0,1] captures the extent of R&D spillovers in 

the cost function [𝑖. 𝑒 𝑓𝑜𝑟 𝑓𝑖𝑟𝑚 𝑖: 𝐶𝑖 = (𝐴 − 𝑥𝑖 − 𝛽𝑥𝑗)𝑞𝑖 , 𝑖, 𝑗 = 1,2, 𝑖 ≠ 𝑗].  

Eq. 1 highlights the need for antitrust authority to intervene in favor of joint R&D 

efforts made by the existing firms in the industry. Bacchiega et al. (2010) extend the 

seminal work by d’Aspremont and Jacquemin (1988) and introduce two new settings: 

a) no firm invests in process R&D (N) and b) one firm invests and the other does not 

invest in process R&D (YN). They also assume that firms play a preliminary stage in 

which they decide whether to undertake any process innovation, before the usual R&D 

investment-output game. The one-shot (static) game has a unique Nash equilibrium in 

pure strategies in which both firms decide to choose innovation strategies for 𝛽 ≤ 0.2. 

The rationale behind this result satisfies the condition that at equilibrium, firms choose 

to invest in R&D efforts for low levels of R&D spillovers and the cost associated with 

R&D reduction (γ). From Eq. 1, we conclude the following inequality:   

𝑆𝑊𝐶𝑂 > 𝑆𝑊𝐶𝑂𝐿𝐶𝑂 > 𝑆𝑊𝑁                                                                                                    (2) 
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Under Eq. 2, firms set the R&D efforts as in the first scenario (𝑆𝑊𝐶𝑂), in which 

social welfare reaches its highest level. Therefore, there is no need for antitrust authority 

to intervene in favor of joint R&D. 

In the above two-stage (static) game, firms always choose the process R&D 

strategy. However, Bacchiega et al. (2010) also analyze an infinitely repeated game, in 

which firms repeat the one-shot game, arguing that for suitable values of the firm’s 

discount factor, the second scenario (N) can be sustained as a subgame perfect Nash 

equilibrium. That is, at the equilibrium, firms do not carry out any R&D effort. This 

conclusion implies a significant reduction of social welfare as compared to the one-shot 

game, firms soften competition by reducing process innovation effort, thus limiting the 

decrease of marginal cost and, hence, the increase of output. It follows from Eqs. 1 & 

2 that in the infinitely repeated game, the following inequality holds:  

𝑆𝑊𝑁 > 𝑆𝑊𝐶𝑂 > 𝑆𝑊𝐶𝑂𝐿𝐶𝑂                                                                                                    (3) 

Eq. 3 states that, at the equilibrium, the process R&D efforts in the market are sub-

optimal. Based on the above, this theoretical setting implies that collusion, particularly 

when repeated or sustained after prior enforcement actions, can establish short-term 

rent-seeking behavior and weaken the dynamic capabilities of firms. The repeated 

participation of firms in collusive agreements following prior convictions reflects a 

persistent market phenomenon that shapes long-term innovation behavior (see Connor, 

2023; Meurer et al., 2021; Kovacic and Marshall, 2018). Collusion overwhelms 

competition, deteriorates firms’ incentives to innovate, and redirects resources toward 

rent preservation rather than technological advancement. As it is obvious, repeated 

collusion reinforces these distortions by committing rent-seeking behavior and 

reducing the perceived gains of innovation. 
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Based on the above, we hypothesize the following testable hypotheses:  

H1: Cartel recidivism is negatively associated with innovation outcomes,  

H2: Cartel recidivism exerts a stronger negative effect on innovation outcomes than 

single cartel offenders. 

4. Data and methodology 

 

In this study, we focus on sequential repeated cartels, where a firm engages in 

multiple, distinct cartel episodes over time, reflecting true recidivist behaviour. We do 

not classify any two cartels as recidivist solely because they share a single firm at one 

point. Instead, a cartel is considered to involve multiple offenders only if at least one 

firm has previously participated in a separate, completed cartel episode and 

subsequently engages in a new, distinct collusive event. This approach distinguishes 

true recidivism from simultaneous or overlapping cartel activity and allows us to 

analyze the persistence of collusive behaviour and its economic consequences more 

accurately. It also distinguishes recidivism from serial colluders (Kovacic et al. 2021), 

where multi-product antitrust offenders engage in repeat collusion across product lines 

(i.e., chemical industry).3 

4.1  Sample data selection  

Our study uses a sample of 110 price-fixing cartel cases across various US 

markets in the manufacturing sector. At the industry level, we classify an industry as 

exhibiting recidivism if at least one firm within it commits multiple (at least two) cartel 

offenses, even when co-conspirators differ. This approach follows the US DoJ’s 

definition (Maltz 1984) and reflects our focus on whether repeated violations occur 

 
3 Kovacic et al. (2021) mention that serial colluders are multi-product firms that have participated in 

many cartels initiated at different dates. According to the authors, a serial colluder does not need to be a 

recidivist, and a firm could be a recidivist but not a serial colluder. 
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within the same industry context—potentially signaling structural or cultural conditions 

that facilitate misconduct.   

The relevant study uses data drawn from two different data sources. First, we have 

employed cartel recidivism data from the Private International Cartels (PIC) dataset. 

The latter provides a comprehensive collection of economic data on international price-

fixing cartels and constitutes one of the most extensive resources for analyzing cartel 

behavior and enforcement outcomes (Connor, 2020).4 To include structural 

characteristics (total factor productivity, labour productivity, capital expenditures, etc) 

in the study, we have relied on the NBER-CES manufacturing industry database (see 

Becker et al., 2021; Kang, 2025)5, which comprises sectors at the 6-digit North 

American Industry Classification System (NAICS) level. However, the primary data 

drawn from the cartel database are reported on a disaggregated level (i.e., relevant 

product market in which the cartel operates). To effectively combine data from the two 

databases, we have classified each of the relevant product markets where cartels are 

formed into a 6-digit 2012 NAICS code.6 It is worth emphasizing that NAICS industries 

may not correspond to true relevant product markets, and market structures can vary 

substantially across industries. To mitigate this, we exploit within-industry variation 

over time, include industry fixed effects, and control for observable industry 

characteristics.  

TFP is constructed as the difference between the growth rate of real output and the 

weighted growth rates of five inputs (capital, production labor, non-production labor, 

energy, and non-energy materials). Each input is weighted by its share in total input 

costs, and real output is derived from nominal shipments deflated by a price index (see 

 
4 The database is publicly available from https://purr.purdue.edu/publications/2732/about?v=2.    
5 See https://www.nber.org/research/data/nber-ces-manufacturing-industry-database.   
6 For example, the cartel that operates in the relevant product market of vitamin premixes is recorded at 

the most generic 6-digit sector 325412 (Pharmaceutical Preparation Manufacturing).  

https://purr.purdue.edu/publications/2732/about?v=2
https://www.nber.org/research/data/nber-ces-manufacturing-industry-database
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Becker et al., 2021). This approach follows a macro-style growth accounting 

framework, rather than using other methods (control-function method, expenditure-

share decomposition method, etc). By linking output growth to weighted input growth, 

it provides a cost-share-based assessment of industry-level productivity dynamics (see 

De Loecker and Syverson, 2021).  

As a result, we identified 110 price-fixing cartel cases from several relevant 

product markets, comprising more than 1,000 cartel members convicted by the US 

Department of Justice (DoJ). Table 1A in the Appendix encapsulates the basic cartel 

characteristics of the main sample used in the analysis (control and treatment group). 

We therefore construct a balanced panel data set of 110 cartel cases (cross-section ID), 

over the period 1979-2016 (time ID), clustered at the six-digit NAICS, yielding a total 

of 4,180 (=110 × 38) observations. Table 1 reports the descriptive statistics for the 

main sample of the analysis (cartel recidivists and single offenders).     

<Insert Table 1 about here> 

4.2   Methodology  

 The identification of the impact of cartel recidivism on innovation is obtained 

within a DiD estimation model that compares cartel recidivists (treatment group) to 

single cartel offenders that are in adjacent but different 6-digit NAICS (control group). 

The empirical specification is given by the following equation: 

𝐼𝑜𝑔(𝑇𝐹𝑃𝐺)𝑗𝑡 = 𝛾𝑖𝑡 + 𝛿𝑡 + 𝑏0 + 𝑏1𝑃𝑜𝑠𝑡𝑡 + 𝑏2𝑇𝑟𝑒𝑎𝑡𝑖 + 𝑏3𝑃𝑜𝑠𝑡𝑡𝑥𝑇𝑟𝑒𝑎𝑡𝑖 + 𝛷𝑖𝑗𝑡𝑑 + 𝑢𝑖𝑡       (4) 

The dependent variable in Eq. 4 is given as the logarithm of total factor 

productivity growth in sector j at time t. This variable serves as a proxy for innovation-

driven efficiency gains and is often linked to technological progress (Ulku, 2004; Hall, 

2011; Petit et al., 2015; Battisti et al., 2018, 2020; Wannakrairoj & Velu, 2021). Postt 
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is a dummy variable equal to one after the cartel conviction year and zero otherwise. 

Treati is a binary variable equal to one for cartel cases that include repeat offenders and 

zero otherwise (single offender). PosttxTreati is their interaction effect (DiD estimator). 

Φijt denotes a vector of control variables that are correlated with the total factor 

productivity growth rate (labour productivity, human capital, capital stock, equipment, 

structures), while γit and δt denote case and time (year) fixed effects to control for 

unobserved heterogeneity that could bias our estimates.7   

Case fixed effects absorb all time-invariant differences across cartelized product 

markets, such as technological opportunities or structural market characteristics, while 

time fixed effects capture common macroeconomic or policy shocks affecting all 

cartelized relevant product markets each year. We then add case-by-year interactions 

(γi x δt) to allow for fully flexible market-specific time trends in innovation outcomes, 

addressing potential differences in pre-treatment trajectories. Finally, we include a 

linear and a quadratic time trend (measured in years) to account for smooth, long-term 

changes in innovation that may evolve independently of cartel activity and capture 

possible non-linear dynamics (i.e., acceleration or deceleration in technological 

progress). Finally, uit is the error term, with E(uit|Postt,Treatedi,Φit) = 0.  

4.3. Considering Possible Concerns 

Before we proceed to the estimations of our empirical specifications, we must 

deal with a concern about using TFP as a proxy for innovation outcomes, which merits 

further justification.  

First and foremost, total factor productivity (“Solow residual”) might capture 

differences in capital and other inputs, such as energy, labor, and raw materials, that 

account for economic growth (see Solow, 1957). Therefore, it might not be a proper 

 
7 A similar DiD specification is followed in Genakos et al. (2018).   
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indicator for the innovation measurement. To support this view, Hall (2011) argues that 

TFP is only a proxy and may capture other changes in the firm’s environment 

(organizational, structural and managerial). Following Wannakrairoj and Velu (2021), 

TFP could also be explained by many factors, including technical innovations. Battisti 

(2020) argues that TFP is usually found to be as important as capital accumulation in 

explaining the process of labor productivity growth. However, he claims that TFP 

includes factors that are hard to estimate, such as all the other factors except for capital 

accumulation.  

Similarly, to Petit et al. (2015), we empirically estimate the following log-linear 

modified Cobb-Douglas production function to test for the validity of TFP as the proper 

innovation indicator:   

𝐼𝑜𝑔(𝑇𝐹𝑃𝐺)𝑗𝑡 = 𝛼𝑡 + 𝛾𝑖𝑡+𝛽1𝑙𝑜𝑔(𝐿𝑃)𝑗𝑡 + 𝛽2𝑙𝑜𝑔(𝐶𝐴𝑃)𝑗𝑡 + 𝛯𝑗𝑡𝑑 + 𝑢𝑖𝑗𝑡                                  (5) 

As it is evident from Eq. 5, we regress the three sub-components of a Cobb-

Douglas production function (labour productivity, capital, and innovation) on the TFP 

growth rate. The dependent variable is given as the log of TFP in sector j at time t. LPjt 

denotes labour productivity and CAPjt total real capital stock. Ξijt denotes a vector of 

control variables that are correlated with the TFP growth rate as proxies of innovation 

(i.e., total capital expenditure, and end-of-year inventories). γit denotes case fixed 

effects, while uit is the i.i.d. error term.  

Table 2 provides the empirical results drawn from Eq. 5. As it is obvious, 

innovation is positively correlated with TFP in all the specifications (see columns 1-4). 

The estimated coefficients of the two proxies of innovation (Linvest and Linvent) are 

statistically significant even at α = 1% denoting that innovation heavily contributes to 

the TFP development. As a result, we argue that the TFP growth rate may serve as a 

good proxy for innovation.   
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<Insert Table 2 about here> 

5. Results and discussion  

 

5.1  The impact of cartel recidivism on innovation  

 

 Table 3 presents the results of the simple homogenous DiD estimator (Treati × 

Postt) for the control and treatment group under different specifications. In its simplest 

form with no additional controls, the effect of cartel recidivism on innovation is not 

statistically significant (see columns 1&2). However, OLS estimator captures only the 

average difference in trends between the treated and control group, without accounting 

for other relevant sources of variation. Since innovation outcomes are affected by 

sector-specific characteristics, industry dynamics, and time-varying shocks that differ 

between the two groups, the OLS model fails to control for heterogeneity and isolate 

the true causal effect. Therefore, we proceed to the estimation of the FE specifications 

(see columns 3-7).  

 In alignment with OLS findings, we find a negative impact of cartel recidivism on 

innovation that survives the inclusion of case and time fixed effects (columns 3 and 4). 

The effect of cartel recidivism on innovation after the inclusion of FE specifications is 

heavily statistically significant. The magnitude of the DiD estimator is on average 

5,17%. After controlling for linear and non-linear patterns of innovation (see columns 

5 and 6), the estimated causal effect of recidivism remains remarkably stable (5,05% 

and 5,08% respectively). Moreover, the inclusion of interaction FE effects (Timet × 

Casei FE) in our baseline model (see Eq.1) confirms the previous results, indicating that 

the negative and statistically significant causal impact of multiple collusion on 

innovation remains intact with the related DiD estimator not exceeding 5,1% (see last 

column). This can be interpreted as evidence that cartel recidivism does hinder 

innovation, but the overall impact on industry-level innovative activity remains modest 
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rather than severe. The control variables (LHC, LP, CAP, EQUIP and PLANT), when 

significant, are properly signed, explaining much of the variation of the dependent 

variable (see F-statistics).    

<Insert Table 3 about here> 

 Taken together, the results provide sufficient evidence that cartel recidivism exerts 

a non-transitory, negative, and statistically significant effect on innovation, leading to 

the acceptance of first testable hypothesis (H1), reflecting the long-term effects of 

collusion on dynamic market efficiency. The magnitude of the DiD coefficients remains 

stable across all FE specifications (around 5%). This stability suggests that the 

documented relationship is not driven by model specification or unobserved 

heterogeneity.  

The observed negative relationship between cartel recidivism and innovation is 

in alignment with a significant strand of literature. Multiple cartel participation 

entrenches firms in stable, high-margin environments that disincentivize technological 

advancement. This outcome is evident in Kovacic et al. (2021) and Levenstein and 

Suslow (2006). Most significantly, Levenstein and Suslow (2006)  show that enduring 

cartels often stagnate technologically, focusing instead on maintaining collusive 

stability rather than improving efficiency or introducing new products. Other studies, 

such as Stephan (2011) and Connor (2014), argue that recurrent offenders face 

increasing reputational, legal, and financial constraints that limit their capacity to 

reinvest in innovation. In a similar vein, Bageri et al. (2013) argue that multiple cartel 

sanctions lead to risk aversion and managerial conservatism, leading thus to a shrinkage 

in innovation activity of the penalized firms. In addition, Oxley (1997) and Hagedoorn 

and Duysters (2002) claim that firms with illegal behavior struggle to form knowledge-

based alliances critical for innovation.  
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Based on the above, our findings coincide with the above literature, highlighting 

that cartel recidivism deteriorates innovation inertia, limiting firms’ capacity to engage 

in dynamic and cooperative innovation networks.  

5.2  The impact of single cartel offenders on innovation  

  

 Having examined the impact of cartel recidivism on innovation, the analysis now 

focuses on the effect that single cartel offenders exert on innovation. Single cartel 

offenders provide a baseline for comparison in the sense that they isolate the short-term 

impacts of cartel involvement on innovation outcomes. In this way, we can better 

disentangle persistence effects from one-time shocks, thereby offering clearer policy 

implications to antitrust enforcers and government authorities. For this reason, we have 

re-estimated Eq.1 by allowing the treatment group to vary. The latter now includes only 

the single cartel offenders and not the firms that their cartel behaviour has been 

penalized at least two times by the DoJ.  

 Table 4 presents the DiD results drawn from the treatment sample only. In column 

1, the pooled OLS estimates declare that there is a small negative post-treatment effect 

of the single offenders on the innovation outcome, though not statistically significant. 

This finding is also confirmed by the FE estimates (see columns 2-4), denoting that 

single cartel offenders do not experience any meaningful impact on innovation. The 

basic result does not dramatically change in the specification with the richest set of 

controls, where we account for the inclusion of trends (linear and quadratic) as well as 

interaction fixed effects (see column 5). As before, there is no systematic pattern of 

collusion on R&D outcomes in the treatment group. 

<Insert Table 4 about here> 

 Table 5 examines the impact of single cartel offenders on innovation outcomes 

under a DiD framework when the control group consists of no convicted firms by the 
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DoJ. As it is portrayed by the relevant table, the DiD estimator remains consistently 

negative and not statistically significant in all the specifications (see columns 1-7), 

indicating no measurable effect of a single cartel exposure on innovation. This finding 

does not change even if we account for unobserved heterogeneity clustered at the 2012 

NAICS level, time effects, and trends (linear and quadratic). Overall, the evidence 

supports the conclusion that single cartel offenders exert a negligible effect on 

innovation activity. This might come as a result of limited or temporary market 

distortions on innovation outcomes.  

 All in all, the negative effects on innovation outcomes among cartel recidivists are 

not associated with a single cartel offenders. As a result, we accept the second testable 

hypothesis (H2), arguing that cartel recidivism has a more pronounced adverse effect 

on innovation compared to single cartel offenders. 

<Insert Table 5 about here> 

5.3   Heterogeneous DiD results   

 The previous analysis focused on a standard homogeneous DiD specification that 

treatment effects are constant for all treated units and periods, an assumption unlikely 

to hold in the context of multiple collusion, where the impact on innovation may differ 

depending on firm characteristics, market structure, or the timing of enforcement 

actions. By allowing for treatment heterogeneity, heterogeneous DiD models provide a 

more accurate and policy-relevant estimate of how cartel recidivism influences 

innovative activity, revealing not only the average effect but also the distribution and 

persistence of these effects across different cohorts. Heterogeneous DID estimates 

ATETs when treatment effects change over time and across different cohorts.8 Using 

 
8 The analysis was performed in Stata v.19 using the “xthdidregress” command for panel data.   
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the Augmented Inverse Probability Weighting (AIPW) estimator, we fit a model for 

innovation and the treatment in the spirit of Callaway and Sant'Anna (2021).    

Figure 1A in the Appendix illustrates the Average Treatment Effects on the 

Treated (ATETs) across different cohorts, with each panel showing the evolution of the 

treatment effect before and after the intervention. As it is evident, the ATETs estimates 

converge to zero values during the pretreatment period in most cohorts, supporting the 

validity of the parallel trends assumption. After the treatment, the estimated effects 

remain relatively stable and do not display large or systematic deviations from zero, 

indicating that cartel recidivism does hinder innovation, but the overall impact on 

industry-level innovative activity remains modest rather than severe, suggesting that 

cartel recidivism does not produce strong effects on innovation across the treatment 

cohorts.  

Figure 1 presents the ATETs across cohorts of cartel cases, tracing the evolution 

of the impact of recidivism on firms’ innovative performance. As it is evident from the 

relevant figure, most of the treatment effects within each of the twenty-one different 

cohorts exhibit a negative and statistically significant sign in most of the cases, except 

for seven treatment cohorts, where the confidence bands become wider 

(18,20,22,34,35-37). We notice that the estimates for the early cohorts (up to 21) are 

negative and statistically significant, with magnitudes ranging from –0.2 to –0.5, 

indicating that firms engaging in cartel recidivism experience a short-term decline in 

innovation following recidivist behavior. The relatively wide confidence intervals in 

these cohorts suggest greater heterogeneity in firms’ responses immediately after re-

offending.  

However, from cohort 22 onward, the estimated effects steadily converge toward 

zero, becoming barely significant by cohort 35 and remaining so thereafter. This pattern 
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implies that the adverse impact of cartel recidivism on innovation is temporary, as firms 

gradually revert to their pre-treatment levels of innovative activity. These dynamic 

results align with the baseline DiD estimates (see Table 3), reinforcing the finding that 

cartel recidivism exerts a negative, though modest and transitory effect on innovation. 

<Insert Figure 1 about here> 

Figure 2 illustrates the ATETs at each point in time, abstracting from the cohort-

level variation. As it is evident, the trajectory here now shows a persistent negative 

pattern over time. More specifically, the ATETs estimates start slightly below zero and 

gradually decline, stabilizing around –0.1 to –0.2 across most cohorts, with the 95% 

confidence intervals largely excluding zero. This indicates a sustained and statistically 

meaningful negative impact of cartel recidivism on innovation outcomes. The 

downward trend suggests that the adverse impact of recidivism not only endures but 

may deepen as time progresses, consistent with a long-run deterioration in firms’ 

innovative capacity following multiple participation in collusive agreements. However, 

the widening of the confidence bands in later cohorts likely reflects increased variability 

in post-collusion adjustment or reduced sample size.  

<Insert Figure 2 about here> 

Lastly, it is noteworthy to assess the evolution of the treatment effect (cartel 

recidivism) after treatment (see Figure 3). This allows us to infer about the resilience 

or the vulnerability of the treatment effect and to verify that no pre-treatment 

differences or anticipatory behaviors drive the outcomes. From the careful inspection 

of the related figure, we find that in most of the periods before treatment onset, there is 

no significant treatment effect or, for that matter, no significant effect at any time of 

exposure before treatment. This suggests there is no immediate response in innovation 
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following multiple collusion (anticipation of treatment), since early cohorts show 

effects fluctuating around zero.  

At treatment onset, 5 (= five years after the treatment), there is a negative and 

statistically significant effect, which seems to increase as exposure time to treatment 

augments, since the 95% CIs remain relatively narrow during this decline and are not 

driven by sampling variation. At this mid-cohort range onset, the ATETs estimates start 

to decline sharply, fluctuating around –0.4 toward the final cohorts (cohort 23). This 

persistent downturn indicates that the detrimental impact of cartel recidivism on 

innovation intensifies as time passes by. The result points to a persistent and cumulative 

erosion of innovation outcomes associated with multiple collusive behavior, possibly 

due to long-term distortions in competition (see, for instance, Petit et al., 2015; 

Bacchiega et al., 2010; Aghion et al., 2005).  

All in all, these findings confirm the evidence presented in the baseline DiD 

estimates, highlighting that cartel recidivism exerts not only an immediate but also a 

deepening adverse effect on innovation over successive periods.  

<Insert Figure 3 about here> 

6.  Robustness checks   

 

 To check the possibility that the econometric findings exhibit a spurious pattern in 

the data or arise from model misspecifications, we conduct several robustness checks, 

such as placebo falsification tests, group treatment effects, and event study estimators, 

while we account for endogeneity and reverse causality between the treated (cartel 

recidivism) and the outcome variable (innovation). In addition, we have further tested 

the validity of the DiD findings, using an alternative comparison (control) group as our 

benchmark (e.g., non-colluding firms).        
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6.1   Placebo (Falsification) tests 

We begin our battery of robustness checks by conducting a falsification 

(Placebo) test for the existence of pre-treatment effects (i.e., common/parallel trend 

assumption) in a staggered DID framework in which the treatment year is reassigned to 

one to four years before the treatment from the pool of both treatment and comparison 

cases. The reason we rely on this test instead of the classical parallel trend assumption 

tests (see, for instance, Mora and Regio, 2014) is justified by the fact that treatment 

(recidivism) timing varies across units (cases), which increases the risk that estimated 

effects may be driven by pre-existing differences or coincidental time trends rather than 

the treatment itself.  

To test the parallel trend assumption, we use one to four years before the actual 

treatment as possible dates of fictitious changes, to estimate the impact of a placebo 

(false) effect. As it is portrayed in Table 6, the placebo estimated coefficient (Treati × 

Postt) in all the specifications (see columns 1-4) is not statistically significant (P-

values>0,5) and converges to zero. This means that treated (cartel recidivists) and 

untreated groups (single cartel offenders) would have followed parallel trends in the 

absence of treatment. In other words, the treated and control groups have common pre-

treatment dynamics, denoting that innovation trends between the two groups (control 

and treatment) would be the same in the absence of treatment. As a result, we could 

argue that previous empirical findings of the effect of collusion on innovation capture 

causal treatment effects.  

<Insert Table 6 about here> 
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6.2   The impact of recidivism on innovation: Alternative control group   

 

 To check the validity of the control group for the analysis of cartel recidivists on 

innovation, we have restricted the comparison group to firms that operate in non-

collusive relevant product markets, in addition to the market in which multiple collusive 

activity occurs.  

 Table 7 presents the results using the same additional treatment group (repeat 

offenders) as in Table 3, but a different control group (no cartelists). Looking at the 

OLS estimate (see column 1), it is obvious that the treatment effect (DiD estimator) is 

negative and statistically significant at 1% level of significance (-1,166). However, the 

relevant coefficient is much lower when we account for the inclusion of linear and 

quadratic trends (see column 2). The DiD estimator reveals that cartel recidivism tends 

to lower innovation in the industry by 53,6%. This estimate is almost ten times higher 

than the average treatment effect when the control group comprises single cartel 

offenders (see Table 3).  

However, when we control for various fixed effects (i.e., case, time, and their 

interaction), the regression analysis provides mixed results. When we control for 

cyclical variations and time fixed effects (see columns 4 and 5) the average treatment 

effect of the relevant specifications equals -0.83, suggesting that a 10% increase in 

repeated collusive behaviour by manufacturing firms induces industry innovation to fall 

by 8,3%. This finding supports the previous estimates, although the magnitude of the 

estimates is more pronounced. When we include the richest set of controls in the 

regression analysis, the DiD estimator remains negative (-0.00649) but not statistically 

significant (see column 6).9 Even though the inclusion of case fixed effects (see column 

 
9 We also test the robustness of the common trend assumption using some years before the start of the 

cartel case to estimate the impact of a placebo treatment. The results support the parallel trends of the 

two groups before the treatment and available on request.  
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3) reveals a positive and statistically significant relationship between cartel recidivism 

and R&D innovations (4.16%), overall, the DiD results indicate that cartel recidivism 

is generally associated with lower innovation performance, though the intensity of this 

relationship weakens under stricter model specifications. As a result, the results 

presented in Table 7 are robust under these additional restrictions on the control group, 

indicating that they are less likely to be driven by a mismatch between treated and 

control cases.  

  

<Insert Table 7 about here> 

6.3  Group-specific treatment effects  

Having identified the validity of the parallel trend assumption, we proceed to 

further robustness checks regarding the testing of the existence of group-specific 

treatment effects under a heterogeneous DiD framework (see Callaway and Sant’Anna, 

2021). The analysis estimates average treatment effects (ATEs) separately for each 

group defined by the timing of treatment and compares them to appropriate control 

groups that have not yet been treated. This method corrects for potential biases present 

in traditional two-way fixed effects models by allowing for treatment effect 

heterogeneity across groups and over time.  

Table 8 (see Panel A) reports the dynamic treatment effects capturing the 

evolution of treatment impacts over time. As it is obvious from the relevant table, all 

estimated numbers of event-study effects (coefficients) are negative but not statistically 

significant, taking values from –0.0016 (Effect 1) to –0.007 (Effect 8). This pattern 

supports the notion that cartel recidivism did not experience any systematic 

productivity gains or losses after adoption relative to single cartel offenders (control 

group). Interestingly, the declining number of “switchers” across leads reflects the 
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staggered nature of treatment timing, which naturally widens confidence intervals at 

later horizons. The findings suggest that the ATEs had no persistent or delayed impact 

on innovation. However, the joint test of post-treatment effects rejects the null 

hypothesis of no impact (p=0.00164), indicating that treatment significantly affected 

firms’ innovation outcomes. This suggests that cartel recidivism has a systematic 

negative effect on the innovation outcomes when considering jointly all post-treatment 

periods.  

Panel B presents placebo coefficients for the pre-treatment periods, designed to 

test the validity of the parallel-trends and no-anticipation assumptions. The estimated 

coefficients for the three fictitious dates converge to zero and are not statistically 

significant. Note that this finding is in alignment with the previous analysis, confirming 

that treated and non-treated groups followed similar productivity patterns before 

treatment adoption (i.e., common trend assumption). This strengthens confidence in the 

causal interpretation of the event-study results, as it indicates that treatment timing was 

exogenous with respect to pre-existing productivity trends. In addition, the absence of 

anticipatory responses further supports the credibility of the DID identification strategy. 

Lastly, Panel C reports the overall average cumulative (total) treatment effect 

across all treated units. The estimated average total effect (–0.00506) is small in 

magnitude and not statistically significant, implying that, on average, cartel recidivism 

did not generate measurable effects on innovation once dynamic heterogeneity across 

groups was accounted for. Overall, the evidence validates the main results by 

demonstrating the robustness of the null treatment effect across groups and over time, 

with no signs of pre-treatment bias or anticipatory behavior. 

<Insert Table 8 about here> 
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6.4   Event-study estimators  

 The use of the DID event-study estimators provides a robust framework for 

estimating dynamic treatment effects in settings with staggered treatment adoption, like 

this sample.10 Unlike traditional two-way fixed effects models, these estimators account 

for treatment effect heterogeneity and avoid bias arising from negative weighting or 

contamination across groups treated at different times. By comparing each group to 

appropriate not-yet-treated or never-treated units, the estimator yields unbiased and 

interpretable group-time average treatment effects, making it particularly suitable for 

evaluating causal effects that evolve (see Chaisemartin and D'Haultfoeuille, 2024; 

2023). 

  Figure 4 portrays group-specific treatment effects over time, plotted relative to 

the last period before the treatment change (t=0). The point estimates remain close to 

zero in the pre-treatment periods (t<0), suggesting no significant differences before 

treatment implementation. This finding supports the parallel trends assumption already 

confirmed by the Placebo tests (see Sections 6.1 & 6.2).  

<Insert Figure 4 about here> 

6.5  Endogeneity and reverse causality  

The main finding of this study, that cartel recidivism exhibits a causal effect on 

innovation outcomes, might be driven by endogeneity. This might be the case, since 

multiply cartel activity might be more likely in more mature industries with lower 

productivity growth. As a result, both innovation and cartel recidivism are 

simultaneously determined in the underlying data-generating process.  

 
10 The analysis was performed in Stata v.19 using the “did_multiplegt_dyn” command.   
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To control for possible endogeneity, we have relied on the instrumental variable 

(IV) regression analysis in a two-stage ordinary least squares framework (2SLS). A 

proper instrument for conducting this robustness check, except for the inclusion of time 

fixed effects (i.e., time dummies), is the industry-by-year leave-one-out treatment share 

interacted with the variable after the treatment (Post). This instrument uses an average 

of an industry's values each year, excluding the specific observation being studied. This 

type of jackknife estimator addresses endogeneity by creating a proxy for a variable 

that is correlated with the dependent variable but is not directly correlated with the error 

term, leading to biased estimates (see, among others, Börschlein et al., 2024; Goldsmith 

et al., 2020, and Bai et al., 2019). The relevant approach can produce more robust 

estimates with better finite-sample properties compared to traditional methods like 

2SLS when dealing with many instruments (Angrist et al., 1999). In this way, we 

control for unobserved factors stemming from disparities between different cartel cases 

that could be correlated with innovation outcomes (e.g., productivity growth rate).  

Table 9 illustrates the empirical results drawn from the IV 2SLS regression 

analysis (see columns 1-6). From a careful inspection of the related table, some 

important remarks emerge. First, the IV 2SLS analysis confirms most of the previous 

findings, highlighting that there is a strong and statistically significant negative 

relationship between cartel recidivism and innovation. The relevant estimates range 

from -1,718 (see column 4) to -0,872 (see column 1), indicating that cartel recidivism 

in an industry tends to reduce innovation of the industry by less than double. The effects 

are more pronounced when time dummies are included in the model (see especially 2,4, 

and 5).  Second, based on the two endogeneity tests applied (Durbin and Wu–Hausman 

test), the null hypothesis cannot be rejected at any level of significance, in two 

specifications (see columns 1 and 2), revealing that the cartel recidivism variable (Treati 
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× Postt) can be treated as exogenous. However, this is not the case for the rest 

specifications (see columns 3-6), where the related tests reject the null hypothesis, 

indicating that the IV 2SLS analysis provides consistent estimates under valid 

instruments. In other words, endogeneity bias affects the OLS results, and IV estimation 

should be used for reliable inference. Third, the robust first-stage regression F statistic 

rejects the null hypothesis, indicating that the instruments are strong and valid in all the 

specifications. All in all, the use of the proper instrument signifies the robustness of our 

findings regarding the negative causal impact of cartel recidivism on innovation.   

 

<Insert Table 9 about here> 

Moreover, reverse causality is also a significant concern, since while we argue 

that innovation outcomes are lower for cartel recidivism, it is also plausible that cartel 

recidivism can indeed be a response to declining productivity or profitability in an 

industry. In other words, firms experiencing or anticipating lower productivity growth 

may be more likely to engage in collusion again to maintain profitability. For this 

reason, we employ a first-differencing model (FDM) that removes time-invariant unit 

heterogeneity (the fixed effect) by taking period-to-period changes and then estimating 

how changes in treatment status predict changes in outcomes (Chai and Shih, 2014; 

Kaiser and Wright, 2006 and Driver, 2000). As a result, the model focuses on short-

term, exogenous variation in treatment exposure (see, for instance, Dube et al., 2025; 

Lechner, 2011). 

<Insert Table 10 about here> 

Table 10 reports the results of the FDM using OLS and FE estimation methods. The 

DiD estimator (ΔlogTFPGjt) remains negative and statistically significant across all 

specifications. Specifically, the OLS estimates (see columns 1-2) are very close (-0,049 
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and -0,06) though much larger (in absolute terms) when we account for the inclusion 

of fixed effects (see columns 3-6). In this case, the estimates are negative and 

statistically significant in most of the cases (except column 4), strengthening the 

negative impact stemming from cartel recidivism on innovation.  

 

7. Conclusions and policy implications  

 

In this study, we present the first systematic evidence of the impact of cartel 

recidivism on innovation. For this purpose, we identify a balanced panel sample of 110 

price-fixing cartel cases from various US markets in the manufacturing sector, clustered 

at the six-digit NAICS, comprising more than 1,000 cartel members convicted by the 

US Department of Justice over the period 1975 - 2016. 

Our econometric findings based on the homogenous DiD estimator support that 

cartel recidivism exerts a non-transitory, negative, and statistically significant effect on 

innovation. Nonetheless, the modest size of the estimated effect implies that, although 

cartel recidivism systematically dampens innovation, its overall economic impact on 

industry-level innovation is restrained. On the contrary, single cartel offenders do not 

experience any meaningful impact on innovation, indicating no measurable effect of a 

single cartel exposure on innovation. Moreover, the Placebo tests indicate that previous 

empirical findings of the effect of collusion (both cartel recidivists and single cartel 

offenders) on innovation capture causal treatment effects.   

In contrast to these baseline results, the heterogeneous DiD analysis reveals a 

stronger and more pronounced negative impact of cartel recidivism on innovation. By 

accounting for variations across industries and time, this approach uncovers that the 

detrimental effects of repeated collusive behavior are substantially greater than those 
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suggested by the homogeneous model, emphasizing that the persistence and intensity 

of recidivist conduct magnify the long-term suppression of innovative activity. 

The empirical results highlight that the existing antitrust jurisprudence regarding 

cartels requires major upgrades to account for the improvements in our understanding 

of the economics of collusion. Therefore, antitrust authorities should primarily focus 

on the detection of cartel recidivists and the conviction of their members. This does not 

imply that single cartel offenders should be out of the antitrust authorities’ perspective. 

On the contrary, they must continue to be at the heart of antitrust policy as a hardcore 

anticompetitive violation of antitrust law.  

From a policy perspective, this connection highlights the need to treat recidivism 

as a distinct enforcement problem. Fines alone—especially when their severity does 

not scale with multiple behaviour—may be insufficient to deter entrenched offenders. 

More targeted measures, such as differentiated sanctions for recidivists, closer 

monitoring of high-risk market structures, and integrating productivity impacts into 

enforcement priorities, could address both the legal and economic costs of cartel 

recidivism. Moreover, strengthening anti-cartel enforcement—particularly through 

more consistent application of sanctions—may be relevant in policy discussions.  

Under a stable collusion when firms highly value future profits, fines may not be 

effective. In this case, antitrust authorities must require cartel recidivists to divest assets 

to make markets more competitive (i.e., creation of a new competitor) and less 

favorable toward collusion. The proposed structural remedy makes collusion 

unprofitable and may be a better deterrent than fines. It also lowers competitive profits 

in the post-conviction environment. Similarly, leniency programs can reduce cartel 

stability. Many cartel members have used the leniency program, and they have provided 

valuable evidence in support of the cartel case. Even though there is not enough 
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evidence of how influential leniency programs have been in inducing cartels to collapse 

or deterring firms from forming them, antitrust authorities, based on the evidence of the 

case file, may induce, particularly, cartel recidivists to participate in such programs.   

Future research should develop a more representative indicator than the TFPG 

used in this study and apply firm-level data within specific industries to better capture 

the dynamics of the cartel recidivism–innovation relationship.  
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Table 1: Summary statistics (Recidivists vs single offenders sample) 

Variable Description N Mean Standard 

deviation 

Min Max 

Panel A: Binary variables (Connor 2020 data) 

Treat Dummy variable equal to one for cartel 

recidivism cases and zero otherwise   

4,180 0.691 0.462 0 1 

Post Dummy variable equal to one after the cartel 

conviction year and zero otherwise 

4,180 0.275 0.447 0 1 

Treat x Post DiD estimator (Interaction effect)  4,180 0.183 0.387 0 1 

Panel B: Control & dependent variables (NBER data, 1979-2016) 

Emp Total employment (1000s) 4,180 69.03 45.50 4.800 453 

Pay                                  Total payroll ($1m) 4,180 2,916 2,453 153.8 12,977 

Prode Production workers (1000s) 4,180 46.69 30.04 2.900 362.7 

Prodh Production worker hours (1m) 4,180 94.82 60.75 5.900 704 

Prodw Production worker wages ($1m) 4,180 1,664 1,233 94 8,618 

Invest Total capital expenditure ($1m) 4,180 983.3 1,314 14.50 14,068 

Invent End-of-year inventories ($1m) 4,180 2,638 3,506 69.20 20,782 

Cap Total real capital stock ($1m) 4,180 14,516 17,468 13.70 120,222 

Equip Real capital: equipment ($1m) 4,180 9,763 11,910 118.2 83,391 

Plant Real capital: structures ($1m) 4,180 4,927 5,857 188.4 41,255 

LP Logged labour productivity  4,180 259.0 277.0 20.79 1,536 

LHC Logged human capital   4,180 2.789 0.407 1.502 3.684 

LTFPG Logged Total Factor Productivity (growth rate) 4,179 6.727 1.955 -0.405 8.020 

Notes: The treatment group includes the multiple offenders (cartel recidivism cases), while the control group comprises single offender cartel cases. LP is calculated as total 

value added (in $1m) / production workers in (1000s). LHC denotes the share of high-skilled labour employed in each industry and is calculated as production worker wages 

in ($1m) / production worker hours (in 1m). Total Factor Productivity Growth rate is calculated by the ratio Δ(TFP4)/(ΔTFP5), where ΔTFP4 and ΔTFP5 denote the 4-factor 

and 5-factor TFP annual growth rates, respectively. Panel A shows the descriptive statistics for the three dummy variables included in the Difference-in-Differences model. 

Panel B shows the descriptive statistics for the structural variables at the 6-digit 2012 NAICS level. Source: Panel A is from the Private International Cartels Full Data 2019 

edition and authors’ calculations. Panel B is from the NBER manufacturing database.   
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Table 2: Results from the Cobb-Douglas equation (control & treatment group)    
 (1) (2) (3) (4) 

Dependent variable  logTFPGjt logTFPGjt logTFPGjt logTFPGjt 

Lequip 0.0106* 

(0.00561) 

0.0112* 

(0.00592) 

- - 

LCap - - 0.0227*** 

(0.00684) 

0.0239*** 

(0.00720) 

Linvest 0.0116*** 

(0.00340) 

- 0.0101*** 

(0.00330) 

- 

Linvent - 0.0174*** 

(0.00664) 

- 0.0135** 

(0.00641) 

LP 4.12e-05*** 

(1.02e-05) 

2.72e-05** 

(1.17e-05) 

3.27e-05*** 

(1.01e-05) 

2.24e-05* 

(1.18e-05) 

Constant 6.553*** 

(0.0403) 

6.496*** 

(0.0446) 

6.455*** 

(0.0533) 

6.410*** 

(0.0547) 

Observations  4,179 4,179 4,179 4,179 

Clusters  110 110 110 110 

Control group (# cases) 36 36 36 36 

Treatment group (# 

cases) 

74 74 74 74 

R2 0.032 0.031 0.034 0.033 

F-statistic  45*** 43.32*** 47.57*** 45.89*** 

Case FE Yes Yes Yes Yes 

Notes: The dependent variable is the logarithm of the total factor productivity growth rate of 6-digit NAICS sector j, at year t. The treatment group includes the multiple 

offenders (cartel recidivism cases), while the control group comprises single offender cartel cases. Fixed effects are included but not reported. Conventional standard errors at 

the 6-digit NAICS sector level are reported in parentheses below the coefficients. *** p<0.01, ** p<0.05, * p<0.1 

Source: Authors’ calculations based on data from NBER. 
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Table 3: The impact of cartel recidivism on innovation (control & treatment group) 

 (1) (2) (3) (4) (5) (6) (7) 

Estimation method Pooled OLS Pooled OLS FE FE FE FE FE 

Dependent variable  log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt 

Treati × Postt 0.121 

(0.114) 

0.0195 

(0.0609) 

-0.0520*** 

(0.00656) 

-0.0514*** 

(0.00661) 

-0.0505*** 

(0.00630) 

-0.0508*** 

(0.00635) 

-0.0508*** 

(0.00636) 

Treati -0.403*** 

(0.0624) 

-0.214*** 

(0.0338) 

- - - - - 

Postt -1.199*** 

(0.0993) 

0.262*** 

(0.0563) 

0.0609*** 

(0.00615) 

0.0696*** 

(0.00646) 

0.0277*** 

(0.00626) 

0.0338*** 

(0.00651) 

0.0311*** 

(0.00693) 

LHCit 1.559*** 

(0.0915) 

-0.364*** 

(0.0522) 

0.0366*** 

(0.00654) 

-0.00237 

(0.0191) 

-0.00644 

(0.0153) 

-0.0431** 

(0.0185) 

-0.0406** 

(0.0189) 

LPit -0.00173*** 

(0.000150) 

0.000261*** 

(8.26e-05) 

2.06e-05* 

(1.14e-05) 

2.86e-05** 

(1.18e-05) 

1.59e-05 

(1.10e-05) 

2.26e-05** 

(1.13e-05) 

2.09e-05* 

(1.13e-05) 

Capit 0.000927*** 

(2.28e-05) 

0.000436*** 

(1.30e-05) 

3.84e-05*** 

(3.11e-06) 

3.79e-05*** 

(3.15e-06) 

5.50e-05*** 

(3.13e-06) 

5.41e-05*** 

(3.15e-06) 

5.30e-05*** 

(3.16e-06) 

Equipit -0.000968*** 

(2.36e-05) 

-0.000419*** 

(1.35e-05) 

-3.93e-

05*** 

(3.23e-06) 

-3.89e-05*** 

(3.28e-06) 

-5.68e-05*** 

(3.25e-06) 

-5.58e-05*** 

(3.29e-06) 

-5.47e-05*** 

(3.30e-06) 
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Plantit -0.000849*** 

(2.70e-05) 

-0.000465*** 

(1.50e-05) 

-3.69e-

05*** 

(3.13e-06) 

-3.59e-05*** 

(3.17e-06) 

-5.05e-05*** 

(3.12e-06) 

-4.94e-05*** 

(3.14e-06) 

-4.83e-05*** 

(3.15e-06) 

Constant  3.598*** 

(0.227) 

0.00387*** 

(4.94e-05) 

6.620*** 

(0.0161) 

6.687*** 

(0.0394) 

0.00632*** 

(0.000584) 

-3.234** 

(1.387) 

-3.456** 

(1.424) 

Observations  4,179 4,179 4,179 4,179 4,179 4,179 4,179 

Clusters  110 110 110 110 110 110 110 

Control group (# cases) 35 35 35 35 35 35 35 

Treatment group (# cases) 75 75 75 75 75 75 75 

Adjusted R2 0.3881 0.8294 0.102 0.109 0.174 0.177 0.184 

F-statistic  332.18*** 2,032.75*** 65.79*** 11.15*** 94.73*** 19.26*** 11.09*** 

Case FE No No Yes Yes Yes Yes Yes 

Time FE No No No Yes No Yes Yes 

Time × Case FE  No No No No No No Yes 

Time trend and square No Yes No No Yes Yes  Yes  

Notes: The dependent variable is the logarithm of the total factor productivity growth rate of 6-digit NAICS sector j, at year t. The treatment group includes the multiple 

offenders (cartel recidivism cases), while the control group comprises single offender cartel cases. Fixed effects, when included, are not reported. Clustered standard errors at 

the 6-digit NAICS sector level are reported in parentheses below the coefficients. *** p<0.01, ** p<0.05, * p<0.1 

Source: Authors’ calculations based on data from NBER.
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Table 4: The impact of single offenders on innovation (treatment only) 

 (1) (2) (3) (4) (5) 

Estimation method Pooled OLS FE FE FE FE 

Dependent variable  log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt 

Postt  {Dummy = 1 after cartel conviction} -0.00402 

(0.00495) 

0.00468 

(0.00808) 

0.00669 

(0.00889) 

0.00485 

(0.00985) 

0.00559 

(0.0110) 

LHCit -0.0154 

(0.0213) 

-0.000588 

(0.0125) 

0.00582 

(0.0381) 

0.00811 

(0.0385) 

0.0184 

(0.0390) 

LPit 2.15e-05 

(1.83e-05) 

-4.27e-06 

(2.68e-05) 

1.94e-07 

(2.86e-05) 

9.14e-07 

(2.86e-05) 

5.65e-07 

(2.90e-05) 

capit -2.54e-05*** 

(7.43e-07) 

8.53e-05*** 

(6.99e-06) 

8.60e-05*** 

(7.03e-06) 

8.71e-05*** 

(7.45e-06) 

8.79e-05*** 

(7.50e-06) 

equipit 2.69e-05*** 

(1.01e-06) 

-8.36e-05*** 

(7.37e-06) 

-8.49e-05*** 

(7.43e-06) 

-8.59e-05*** 

(7.78e-06) 

-8.65e-05*** 

(7.83e-06) 

plantit 2.16e-05*** 

(2.90e-06) 

-8.76e-05*** 

(6.99e-06) 

-8.77e-05*** 

(7.03e-06) 

-8.87e-05*** 

(7.44e-06) 

-8.96e-05*** 

(7.49e-06) 

Constant  0.0463 0.0149 -0.00830 0.0704 -0.0332 
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(0.0598) (0.0291) (0.0755) (0.196) (0.0775) 

Observations  1,274 1,274 1,274 1,274 1,274 

Clusters  34 34 34 34 34 

Adjusted R2 0.037 0.1171 0.148 0.148 0.166 

F-statistic  1,043.61*** 27.27*** 4.84***  4.74*** 2.89*** 

Case FE No Yes Yes Yes Yes 

Time FE No No Yes Yes Yes 

Time × Case FE  No No No No Yes 

Time trend and square No No No Yes Yes 

Notes: The dependent variable is the logarithm of the total factor productivity growth rate of 6-digit NAICS sector j, at year t. The treatment group includes single cartel 

offenders. Fixed effects, when included, are not reported. Clustered standard errors at the 6-digit NAICS sector level are reported in parentheses below the coefficients. *** 

p<0.01, ** p<0.05, * p<0.1 

Source: Authors’ calculations based on data from NBER.  
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Table 5: The impact of single offenders on innovation (control & treatment group) 

 (1) (2) (3) (4) (5) (6) (7) 

Estimation method Pooled OLS Pooled OLS FE FE FE FE FE 

Dependent variable  log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt 

Treati × Postt -0.0107 

(0.0199) 

-0.0197 

(0.0199) 

-0.00113 

(0.0186) 

-0.000562 

(0.0188) 

-0.00562 

(0.0211) 

-0.00482 

(0.0215) 

-0.00893 

(0.0224) 

Treati 0.0101 

(0.0115) 

0.0277* 

(0.0149) 

- - - - - 

Postt 0.00638 

(0.0192) 

0.00557 

(0.0192) 

0.00601 

(0.0181) 

0.00674 

(0.0187) 

0.00737 

(0.0195) 

0.00922 

(0.0196) 

0.0133 

(0.0202) 

LHCit -0.0127 

(0.00997) 

-0.00539 

(0.0101) 

-0.00112 

(0.0115) 

-0.00470 

(0.0354) 

-0.0111 

(0.0299) 

-0.00288 

(0.0357) 

0.00256 

(0.0362) 

LPit 1.50e-05 

(1.60e-05) 

7.53e-06 

(1.65e-05) 

-3.44e-06 

(2.24e-05) 

4.39e-08 

(2.35e-05) 

-2.06e-06 

(2.25e-05) 

7.97e-07 

(2.35e-05) 

-5.29e-07 

(2.38e-05) 

Capit -2.56e-05*** 

(3.92e-06) 

-1.94e-05*** 

(4.15e-06) 

8.53e-05*** 

(6.76e-06) 

8.57e-05*** 

(6.80e-06) 

8.62e-05*** 

(7.17e-06) 

8.66e-05*** 

(7.19e-06) 

8.71e-05*** 

(7.25e-06) 

Equipit 2.71e-05*** 

(4.00e-06) 

2.09e-05*** 

(4.22e-06) 

-8.36e-05*** 

(7.08e-06) 

-8.45e-05*** 

(7.13e-06) 

-8.45e-05*** 

(7.43e-06) 

-8.55e-05*** 

(7.48e-06) 

-8.58e-05*** 

(7.54e-06) 
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Plantit 2.21e-05*** 

(4.19e-06) 

1.53e-05*** 

(4.44e-06) 

-8.76e-05*** 

(6.78e-06) 

-8.73e-05*** 

(6.83e-06) 

-8.84e-05*** 

(7.16e-06) 

-8.82e-05*** 

(7.18e-06) 

-8.89e-05*** 

(7.25e-06) 

Constant  0.0302 

(0.0265) 

0.0363 

(0.0272) 

0.0153 

(0.0269) 

0.0122 

(0.0706) 

-0.284 

(0.618) 

-0.236 

(0.835) 

-0.0385 

(0.869) 

Observations  1,387 1,387 1,387 1,387 1,387 1,387 1,387 

Clusters  37 37 37 37 37 37 37 

Control group (# cases) 5 5 5 5 5 5 5 

Treatment group (# cases) 32 32 32 32 32 32 32 

Adjusted R2  0.0363 0.05 0.1143  0.140 0.115 0.140 0.152 

F-statistic   6.48*** 7.20*** 24.76***  4.85***  19.28*** 4.74*** 2.82*** 

Case FE No No Yes Yes Yes Yes Yes 

Time FE No No No Yes No Yes Yes 

Time × Case FE  No No No No No No Yes 

Time trend and square No Yes No No Yes Yes  Yes  

Notes: The dependent variable is the logarithm of the total factor productivity growth rate of 6-digit NAICS sector j, at year t. The treatment group includes the single cartel 

offenders, while the control group comprises no colluding markets (dead cartel cases). Fixed effects, when included, are not reported. Clustered standard errors at the 6-digit 

NAICS sector level are reported in parentheses below the coefficients. *** p<0.01, ** p<0.05, * p<0.1 

Source: Authors’ calculations based on data from NBER. 
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Table 6: Robustness check: Placebo tests for pre-treatment effect  

 (1) (2) (3) (4) 

Estimation method Pooled OLS FE FE FE 

Dependent variable  log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt 

Treati × Postt 0.00711 

(0.0585) 

-0.00123 

(0.00475) 

-0.00249 

(0.00430) 

-0.00468 

(0.00450) 

LHCit -0.459*** 

(0.0820) 

0.0159 

(0.0193) 

0.0607*** 

(0.00614) 

0.0367** 

(0.0159) 

LPit -0.00105*** 

(0.000114) 

2.51e-05** 

(1.19e-05) 

2.14e-05* 

(1.16e-05) 

2.07e-05* 

(1.16e-05) 

Capit 0.000660*** 

(1.79e-05) 

3.67e-05*** 

(3.19e-06) 

3.77e-05*** 

(3.15e-06) 

3.71e-05*** 

(3.16e-06) 

Equipit -0.000637*** 

(1.88e-05) 

-3.81e-05*** 

(3.33e-06) 

-3.91e-05*** 

(3.27e-06) 

-3.85e-05*** 

(3.29e-06) 

Plantit -0.000703*** 

(2.06e-05) 

-3.49e-05*** 

(3.22e-06) 

-3.62e-05*** 

(3.17e-06) 

-3.55e-05*** 

(3.19e-06) 

Constant  6.386*** 

(0.203) 

6.653*** 

(0.0399) 

6.566*** 

(0.0153) 

4.963*** 

(0.984) 
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Observations  4,179 4,179 4,179 4,179 

Clusters  110 110 110 110 

Overall (Adjusted) R2 0.6523 0.2241  0.2177 0.5306 

F-statistic  183.29*** 8.47***   58.99*** 50.96*** 

Case FE No Yes Yes Yes 

Time FE No Yes No No 

Time × Case FE  Yes No No No 

Time trend No No No Yes 

Treatment Year 1 year before 

treatment 

2 years before 

treatment 

3 years before 

treatment 

4 years before 

treatment 

Note: The dependent variable is the logarithm of the total factor productivity growth rate of 6-digit NAICS sector j, at year t. The treatment group includes the multiple offenders 

(cartel recidivism cases), while the control group comprises single offender cartel cases. Fixed effects, when included, are not reported. Clustered standard errors at the 6-digit 

NAICS sector level are reported in parentheses below the coefficients. *** p<0.01, ** p<0.05, * p<0.1 

Source: Authors’ calculations based on data from NBER. 
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Table 7: Robustness check: Alternative control group 

 (1) (2) (3) (4) (5) (6) 

Estimation method Pooled OLS Pooled OLS FE FE FE FE 

Dependent variable  log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt 

Treati × Postt -1.166*** 

(0.363) 

-0.536* 

(0.281) 

0.0416*** 

(0.00761) 

-0.938*** 

(0.0765) 

-0.732*** 

(0.0767) 

-0.00649 

(0.00780) 

Treati 6.872*** 

(0.331) 

9.508*** 

(0.713) 

- - - - 

Postt 0.0985 

(0.508) 

0.497 

(0.347) 

-0.0279*** 

(0.00757) 

0.00731 

(0.00739) 

0.0108 

(0.00742) 

0.00815 

(0.00747) 

LHCit 1.651*** 

(0.537) 

0.108 

(0.496) 

0.00902** 

(0.00372) 

-0.0155* 

(0.00847) 

-0.0457*** 

(0.0105) 

-0.0421*** 

(0.0108) 

LPit -0.00202* 

(0.00116) 

-0.00123 

(0.000723) 

6.90e-05*** 

(6.00e-06) 

6.17e-05*** 

(5.67e-06) 

6.51e-05*** 

(5.78e-06) 

6.41e-05*** 

(5.78e-06) 

Capit 0.000857*** 

(0.000174) 

0.000707*** 

(0.000170) 

4.42e-05*** 

(1.67e-06) 

5.35e-05*** 

(1.65e-06) 

5.31e-05*** 

(1.66e-06) 

5.25e-05*** 

(1.66e-06) 

Equipit -0.000907*** 

(0.000181) 

-0.000680*** 

(0.000183) 

-4.40e-05*** 

(1.74e-06) 

-5.42e-05*** 

(1.72e-06) 

-5.38e-05*** 

(1.74e-06) 

-5.31e-05*** 

(1.74e-06) 
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Plantit -0.000762*** 

(0.000182) 

-0.000781*** 

(0.000163) 

-4.56e-05*** 

(1.69e-06) 

-5.25e-05*** 

(1.64e-06) 

 

-5.16e-05*** 

(1.65e-06) 

-5.11e-05*** 

(1.65e-06) 

Constant  -3.876*** 

(1.299) 

-3.827*** 

(1.129) 

6.347*** 

(0.00932) 

3.380*** 

(0.408) 

8.771*** 

(0.128) 

6.444*** 

(0.0225) 

Observations  3,000 3,000 3,000 3,000 3,000 3,000 

Clusters  79 79 79 79 79 79 

Control group (# cases) 4 4 4 4 4 4 

Treatment group (# cases) 75 75 75 75 75 75 

Adjusted R2 0.547 0.692 0.276 0.358 0.367 0.379 

F-statistic  137.82***  396.25***  158.87***  180.40***  37.11*** 21.42*** 

Case FE No No Yes Yes Yes Yes 

Time FE No No No No Yes Yes 

Time × Case FE  No No No No No Yes 

Time trend and square No Yes No Yes Yes Yes 

Note: The dependent variable is the logarithm of the total factor productivity growth rate of 6-digit NAICS sector j, at year t. The treatment group includes the multiple offenders 

(cartel recidivism cases), while the control group comprises no colluding markets (dead cartel cases). Fixed effects, when included, are not reported. Clustered standard errors 

at the 6-digit NAICS sector level are reported in parentheses below the coefficients. *** p<0.01, ** p<0.05, * p<0.1 

Source: Authors’ calculations based on data from NBER.
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Table 8: Robustness check: Group-specific treatment effects 

Test Estimate Standard 

errors  

Observations Switchers 

Panel A: Treatment effects (Event-study effects) 

Effect_1 -0.00168 (0.00172) 1,609 74 

Effect_2 -0.00466 (0.00438) 1,394 70 

Effect_3 -0.00460 (0.00530) 1,405 70 

Effect_4 -0.00511 (0.00682) 1,262 67 

Effect_5 -0.00440 (0.00901) 1,234 61 

Effect_6 -0.0105 (0.0124) 1,139 56 

Effect_7 -0.00384 (0.0151) 1,038 39 

Effect_8 -0.00746 (0.0161) 953 37 

Panel B: Parallel trends and no anticipation assumptions 

Placebo_1 0.000237 (0.00253) 1,567 74 

Placebo_2 0.00208 (0.00285) 1,353 70 

Placebo_3 0.000152 (0.00286) 1,369 70 

Panel C: Average cumulative (total) effect per treatment unit 

Average Total Effect  -0.00506 (0.00762) 2,299 474+  

Note: + Switch x Periods. Clustered standard errors at the 6-digit NAICS sector level are reported. Test of 

joint nullity of the effects: p-value = 0.00163958. Test of joint nullity of the placebos: p-value = 

0.22088597. Average number of time periods over which a treatment's effect is accumulated = 

4.0421941. Test of joint nullity of the effects: p-value = 4.191e-06. Significant at ***1%, **5%, and *10% 

respectively.  
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Table 9: Robustness check: Instrumental variable (IV) endogeneity tests  

 (1) (2) (3) (4) (5) (6)  

Estimation method IV 2SLS IV 2SLS IV 2SLS IV 2SLS IV 2SLS IV 2SLS 

Dependent variable  log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt log(TFPG)jt 

Treati × Postt -0.872*** 

(0.110) 

-1.607*** 

(0.151) 

-1.278*** 

(0.0995) 

-1.718*** 

(0.114) 

-1.422*** 

(0.0917) 

-1.058*** 

(0.0794) 

LHCit 1.719*** 

(0.123) 

0.375** 

(0.164) 

1.351*** 

(0.0925) 

0.437*** 

(0.111) 

0.446*** 

(0.110) 

1.284*** 

(0.0902) 

LPit -0.00227*** 

(0.000227) 

-0.00252*** 

(0.000231) 

-0.00162*** 

(0.000182) 

-0.00195*** 

(0.000188) 

-0.00200*** 

(0.000189) 

-0.00168*** 

(0.000184) 

Capit 0.00135*** 

(5.67e-05) 

0.00134*** 

(5.32e-05) 

0.000930*** 

(4.71e-05) 

0.000893*** 

(4.69e-05) 

0.000904*** 

(4.63e-05) 

0.000937*** 

(4.67e-05) 

Equipit -0.00141*** 

(5.70e-05) 

-0.00139*** 

(5.41e-05) 

-0.000969*** 

(4.70e-05) 

-0.000931*** 

(4.68e-05) 

-0.000944*** 

(4.63e-05) 

-0.000977*** 

(4.66e-05) 

Plantit -0.00122*** 

(6.18e-05) 

-0.00120*** 

(5.79e-05) 

-0.000853*** 

(5.23e-05) 

-0.000795*** 

(5.22e-05) 

-0.000803*** 

(5.18e-05) 

-0.000856*** 

(5.19e-05) 

Constant 2.773*** 

(0.329) 

5.803*** 

(0.434) 

3.777*** 

(0.239) 

5.804*** 

(0.301) 

5.788*** 

(0.299) 

3.934*** 

(0.235) 

Observations 3,001 3,001 4,179 4,179 4,179 4,179 

R-squared 0.383 0.4187 0.365 0.383 0.388 0.367 

Time dummies No  Yes No Yes Yes No 

Instrument Industryi × 

Postt 

Industryi × 

Postt 

Treati × Postt-3 Treat3 × 

Postt-3 

Treati × 

Postt-1 

Treati × 

Postt-1 

Included 

instruments 

LHC LP 

cap equip 

plant 

LHC, LP, 

cap, equip, 

plant, Time 

dummies  

LHC LP1 cap 

equip plant 

LHC LP1 

cap equip 

plant, Time 

dummies  

LHC LP1 

cap equip 

plant, Time 

dummies  

LHC LP1 

cap equip 

plant 

Durbin (score) 0.243 

[0.6218] 

0.001278 

[0.9715] 

21.8837*** 

[0.000] 

7.29279*** 

[0.000] 

11.4557*** 

[0.000]  

 7.29279*** 

[0.000]  

Wu-Hausman F -  0.001259 

[0.9717] 

23.0101*** 

[0.000] 

 7.90296*** 

[0.000] 

13.0667*** 

[0.000] 

7.90296*** 

[0.000]  
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Robust first-stage F 

regression 

1,826.69*** 

[0.000]  

963.63*** 

[0.000] 

 1,0295.8*** 

[0.000]  

 32,303.2*** 

[0.000]  

 14,624.4*** 

[0.000]   

32,303.2*** 

[0.000] 

Minimum 

eigenvalue statistic 

4,301.8*** 

[0.000]   

2,753.26*** 

[0.000] 

6,387.03*** 

[0.000]    

24,233.8*** 

[0.000]     

 20,482.1*** 

[0.000]       

24,233.8*** 

[0.000] 

Note: The numbers in parentheses denote robust standard errors. The numbers in square brackets denote 

the p-values. The instrument refers to the industry-by-year leave-one-out treatment share interacted with 

Post. The null hypothesis for both endogeneity tests (Durbin and Wu–Hausman tests) is that the 

endogenous regressors in the model are, in fact, exogenous. The robust first-stage F regression test checks 

the null hypothesis that the selected instruments are weak against the alternative hypothesis. The 

minimum eigenvalue statistic is used when the model contains multiple endogenous regressors and tests 

the null hypothesis that the instruments are weak against the alternative hypothesis. Significant at ***1%, 
**5%, and *10% respectively.  
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Table 10: Robustness check: First difference model estimates   

 (1) (2) (3) (4) (5) (6) 

Estimation method Pooled OLS Pooled OLS FE FE FE FE 

Dependent variable  Δ(logTFPG)jt Δ(logTFPG)jt Δ(logTFPG)jt Δ(logTFPG)jt Δ(logTFPG)jt Δ(logTFPG)jt 

Δ(Treati × Postt)  -0.0493*   

(0.03017) 

-0.06* 

(0.0346) 

 -0.0054*  

[0.064] 

-0.0039 

[0.284] 

 -0.0053* 

[ 0.080] 

 -0.0055* 

[0.064] 

Observations  3,962 3,962 3,962 3,962 3,962 3,962 

Clusters  110 110 110 110 110 110 

Control group (# cases) 36 36 36 36 36 36 

Treatment group (# cases) 74 74 74 74 74 74 

R2 0.0412 0.407 - - - - 

F-statistic  4.3*** 3.0*** - - - - 

Case FE - - Yes Yes Yes Yes 

Time FE - - Yes Yes Yes Yes 

Time × Case FE  - - No Yes No Yes 

Linear trend No No  No  No  No  Yes 

Quadratic trend  No Yes No No  Yes  No 

Note: The dependent variable is the logged first difference of the total factor productivity growth rate of 

6-digit NAICS sector j, at year t. Δ denotes the first difference operator. The treatment group includes 

the multiple offenders (cartel recidivism cases), while the control group comprises single offender cartel 

cases. Fixed effects, when included, are not reported. Clustered standard errors at the 6-digit NAICS 

sector level for the Pooled OLS models are reported in parentheses below the coefficients. The number 

in square brackets denotes P-values. *** p<0.01, ** p<0.05, * p<0.1 

Source: Authors’ calculations based on data from NBER. 
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Figure 1: ATETs within treatment cohort (control & treatment group)  

 

Note: The treatment group includes multiple offenders (cartel recidivism cases), while the control group 

comprises single-offender cartel cases. The blue dashed line denotes the estimated aggregated Average 

Treatment Effect on the Treated (ATETs) within the cohort. The grey shaded area indicates the 95% 

confidence intervals (CI).     

 

Figure 2: ATETs within time (control & treatment group)  

 

Note: The treatment group includes multiple offenders (cartel recidivism cases), while the control group 

comprises single-offender cartel cases. The blue dashed line denotes the estimated aggregated Average 

Treatment Effect on the Treated (ATETs) within time (1979-2016). The grey shaded area indicates the 

95% confidence intervals (CI).     
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Figure 3: ATETs within different lengths of exposure to treatment (control & treatment 

group)  

 

Note: Base time for pretreatment ATETs is the previous period. Exposure is the number of periods since 

the first treatment time. The treatment group includes multiple offenders (cartel recidivism cases), while 

the control group comprises single-offender cartel cases. The blue dashed line denotes the estimated 

aggregated Average Treatment Effect on the Treated (ATETs) within different lengths of exposure to 

treatment. The thick dashed vertical red line at the zero point denotes the reference line. The grey shaded 

area indicates the 95% confidence intervals (CI).     

Figure 4:  Group-specific treatment effects  

 

Note:  Each blue point represents the estimated average treatment effect at a given relative period 

compared to the last period before treatment (t=0). The blue line portrays the dynamic pattern of 

treatment effects before and after the treatment implementation. The pink vertical bars around each dot 

denote the 95% CI. 


