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Abstract  
A number of empirical studies have examined the effect of antitrust investigations on 
offending firms’ market value. But there are no studies focusing on whether effects 
are different, when conducts are investigated with different Evidentiary Standards. In 
this paper, we utilize an original dataset of antitrust investigations in China between  
2010 – 2023, and employ, as in many of the other empirical studies, the event-study 
methodology, but with stocks divided into two main categories: one with cases 
assessed under form-based or Per Se rules (Low Level of Economic analysis) and one 
with cases assessed with Effects-Based (High Level of Economic Analysis). Legal 
Uncertainty, measured by the absolute value of Cumulative Average Abnormal 
Returns at the Event Window, is i n d e e d  higher when Effects-Based Standards 
rather than Per Se Illegality rules are adopted, and the difference between the means 
is statistically significant. However, the Legal and Penalty Uncertainty of Effects-
Based standards, lead to positive average abnormal returns creating welfare enhancing 
deterrence effects. These results are statistically significant and also robust t o  
different estimation and event windows and after checking for sample size effects, 
and different non-parametric tests. With Per Se Illegality rules, average abnormal 
returns are negative though not statistically significant under the J-test. 
The non-parametric sign and Wilcoxon sign-ranked tests are however 
statistically significant confirming the directional consistency of negative 
abnormal market returns across firms, a result pointing to negative deterrence 
effects. The results cast doubt on arguments that enforcers should avoid Evidentiary 
Standards that are high in economic analysis in antitrust enforcement because the latter 
leads to Legal Uncertainty a n d  adverse deterrence effects. 
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1. Introduction  
 
While a number of empirical studies have examined the effect of antitrust investigations 
on offending firms’ market value (e.g Langus, Motta and Aguzzoni, 20152) and the 
factors that contribute to this effect, there have been no empirical studies up to now that 
are focusing on whether the effects are different for the different types of conducts 
investigated, when these are assessed with different Evidentiary Standards (ESs), e.g. 
horizontal and vertical agreements assessed under a Per Se Illegality rule and abuse of 
dominance practices assessed under Effects-Based (EB) standards. To do this is our first 
objective in this paper. Utilizing an original data set of antitrust investigations in China 
between 2010 – 20233 , we examine their effect on offending firms’ market value 
employing, as in many other empirical studies, the event-study methodology, but with 
stocks divided into two categories, one of firms with cases assessed under Form-Based 
or Per Se rules (Low Level of Economic analysis) and one with cases assessed with 
Effects-Based (High Level of Economic Analysis). 
 
Investigating the effect on stock market value of antitrust law investigations’ adopting 
different evidentiary standards allows us to examine two arguments which have 
attracted attention in the law and economics literature (see detailed review below), but 
which have not been tested empirically. According to the first, the EB standard increases 
Legal Uncertainty (LU). According to the second, if there is an increase in LU this will 
have adverse, welfare reducing, deterrence effects. But, as our review of the relevant 
literature explains, the first hypothesis can only be justified for the subset of conducts 
that are considered to be presumptively illegal (on average harmful). Otherwise, as 
empirical evidence shows, the outcome of the investigation can be more or less 
predicted with certainty. Also, the theoretical literature does not provide any 
unequivocal predictions for the second argument relating to deterrence. We subject 
these arguments to empirical testing, assuming that firms know which ES will be 
adopted for their conduct’s assessment if investigated by the Competition Authority.  
 
We find that Legal Uncertainty (LU), measured by the absolute value of Cumulative 
Average Abnormal Returns, is higher when Effects-Based Evidentiary Standards 
(ESs) rather than Per Se Illegality rules are adopted. However, we do not find support 
for the second argument, indeed the opposite seems to be true: the Legal and Penalty 
Uncertainty of EB creates welfare enhancing deterrence effects – so, as also suggested 
by some of the recent theoretical work, welfare may well rise in the presence of LU. 
These results are statistically significant and also robust after checking, using non-

 
2 Other studies which include, Bosch and Eckard (1991), Van den Broek et al. (2012), Günster and van 
Dijk (2016), Mariuzzo, F et al. (2020), Bizjak and Coles (1995), Bos L., Letterie W. and Scherl N (2019), 
are reviewed in Section 2 below. 
3 Examining for the first time the impact of antitrust investigations on the market value of firms in China 
is an important contribution of this paper. Huang et.al (2025) also examine this though just for 5 digital 
platforms and, more specifically, for the case of Alibaba and its main competitors. 
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parametric test statistics, for sample size effects and other potential inference 
problems, and examining different estimation and event windows. We also show that 
the Cumulative Average Abnormal Return for Anti-competitive Agreements, assessed 
with Per Se Illegality rules, is negative though not statistically significant under 
the J-test. The non-parametric sign and Wilcoxon sign-ranked tests are 
however statistically significant confirming the directional consistency of 
negative abnormal market returns across firms, a result pointing to negative 
deterrence effects. The results cast doubt on arguments that enforcers should avoid 
Evidentiary Standards that are high in economic analysis in antitrust enforcement 
because the latter leads to Legal Uncertainty a n d  adverse deterrence effects. 
 
A number of important events can be distinguished during the antitrust investigation 
process, each associated with a specific date. The first is the Announcement of 
Investigation Date (D1), the second the Statement of Objections (or, in China, the 
Penalty Notice) Date (D2), the third the Final Decision Date of the Competition 
Authority (D3) and the fourth the Decision Date of Courts if there is an appeal against 
the Authority’s decision. In China, as in the EC4, there is no precise time frame for D1. 
As we will see, for many of the antitrust cases in China we could not even identify a 
date and these cases were dropped from our sample. For those that were identified it is 
not certain that this signifies the date in which substantial new information about an 
antitrust investigation was provided. Similarly for the date D2, which is not publicly 
announced. Thus we cannot examine here the impact on market valuation at dates D1 
and D2, though we do utilise information on D1 when we define the Estimation 
Windows, allowing that the window contains a large number of days before and after. 
Further, in contrast to Langus et al (2013) that could examine for EC investigations the 
effect of Dawn Raids, these have been very uncommon in China. So, for China, we 
have to focus on the effect of the investigation, on the firms’ market valuation at and 
around the Final Decision date D3. Another reason for focusing on D3 is that, in contrast 
to other empirical studies considering the impact of antitrust investigations on market 
valuation, that also examine the impact on another pre-Final Decision date event, here 
our main objective is to examine the differential impact of LU depending on the ES 
adopted for different conducts, and LU concerns the Final Decision. Finally, note that 
we cannot examine effects of the decisions by Courts following appeals against the 
decision of the Authority, since in China, at least until recently, there were a negligible 
number of appeals (all of which were rejected by the Courts). Our Event Window, as in 
other studies, runs from three days before to two days after the Final Decision Date 
(though we test other Event Windows too). We also test for a number of Estimation 
Windows, both before and after D1 5 . Below we summarize our methodological 
approach. 
 
The stocks of investigated firms found to infringe competition law, are divided into two 
 
4 See Langus et.al. (2013, p. 3. See also their remarks regarding the SOE date in EC in fn.17.  
5 As we mention in our review below these Estimation Windows are very common in the literature. 
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main categories, according to the evidentiary standards (or rules) adopted. Broadly, one 
of the two categories includes cases with “high levels of economic analysis” and the 
other includes cases with “low levels of economic analysis”. Through an examination 
of the texts of the decisions reached by the Competition Authority of China (SAMR) 
we identify the extent of the economic analysis and evidence utilized in assessment and 
we use this information in order to characterise the specific ESs adopted to reach 
decisions6. Our empirical tests are undertaken for three different classifications of the 
types of conduct included in each of the two main categories of ES (EB standard and 
rule of Per Se Illegality).  
 
First, we examine empirically the relation between EB standards and LU, where by LU 
we mean the inability to predict with certainty the outcome of the antitrust 
investigation7. In addition, to what in the literature is referred to as LU, there is also, of 
course, what we can call Penalty Uncertainty which results from the inability of firms 
to predict with certainty what penalty will be imposed if they are convicted and the 
effect of which we also examine below8. Other published empirical work on the effects 
of antitrust enforcement on market valuation does not take into account Penalty 
Uncertainty. 
 
The effect of ESs on LU is measured by the absolute value of the Cumulative Average 
Abnormal Returns (CAAR)9 of the stocks of investigated firms, assessed with different 
ESs, on different Event Windows around the Final Decision Date, where Abnormal 
Returns are given by the difference between actual return and the expected 
(counterfactual) returns, estimated using the Market Model. The Event Window could 
be just the Decision Date D3, or it could contain more days before and after D3, in order 
to capture leakages before the Decision Date and delayed reactions of investors, as in 
Langus et.al. (2013) and other papers10. LU is considered higher under the EB standard 
if the absolute value of the CAAR (or AAR when the impact just on D3 is considered) 
is higher under EB than under the Per Se rule (or, with a higher rather than with a lower 
level of economic analysis), and the mean difference between these CAAR values of 
the two different conduct categories is statistically significant. We start by showing that 
this is confirmed by our empirical tests for China antitrust investigations, for all the 
conduct classifications that we use11, with statistical significance at 1% or 5% level, for 
many different Event Windows and different Estimation Windows (that are both pre-
announcement of the investigation and post-announcement of the investigation).   

 
6 See also Katsoulacos and Makri (2021 and 2024) for an application of this approach for identifying evidentiary 
standards used by DGCOMP; and Katsoulacos, Gao, Wang and Feng (2024) for an application involving cases 
examined by the Chinese Authorities between 2010 - 2021. The original database of the latter article is utilized and 
extended in this paper.    
7 See for details the next section and Katsoulacos and Ulph (2015, 2017). 
8 As we show in the next section, a confusing feature of the literature on LU is that it often (probably always) fails 

to clarify its dependence on the differences in the presumptions, for different conducts or in different countries for 

the same conduct type, about whether the conduct is presumptively illegal or presumptively legal.  
9 Or, simply, the AAR when we measure the effect on just the Final Decision Date. 
10 And other empirical studies reviewed in the next section. 
11 Tables 6 and 7 below. 
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Then, and importantly, since it is mainly the implications of the LU for welfare that 
matters, we examine the argument often put forward especially by legal experts, that 
by raising LU (and so, increasing unpredictability), EB standards will have adverse 
deterrence effects12. As we explain in our review below, the generality of this hypothesis 
is disputed especially by papers that rely on predictions of formal economic models. 
We examine empirically this, focusing on conducts for the assessment of which it is 
common in recent decades not to adopt a Per Se rule. We assume throughout that firms 
know which ES will be adopted for their assessment if they are investigated for 
potential law violation by a specific conduct.  
 
Before discussing our findings for the implications of adopting EB evidentiary 
standards, we comment on our results regarding the value of CAAR at the Event 
Window for the conduct category of agreements (the vast majority of which are 
horizontal cartels) or, of cases assessed with low levels of economic analysis. In these 
cases, a Per Se Illegality rule, adopted universally, leads to, essentially, certain 
conviction, so there is no LU about the outcome of the investigation, though there is 
still uncertainty (before D3) about the penalty that will be imposed.  
 
Now, when examining the impact of antitrust investigations at the Final Decision Date,  
it is usual to adopt an Estimation Window from the pre-investigation announcement 
period in order to calculate the normal relationship between the firms’ stocks and the 
market in the absence of an investigation. The event-study methodology can then be 
used to provide a measure of the overall effect of the antitrust investigation in D3. We 
do this too, but we also use an Estimation Window that consists of a post-investigation 
announcement period, specifically [D1+10, D3–4]. We do this in order to isolate the 
implications of Penalty Uncertainty on Deterrence, which we consider an important 
contribution of the paper. To clarify this note that using a post-investigation 
announcement Estimation Window implies that the estimated expected (counterfactual) 
returns capture, as a result of the information of the announcement of the investigation 
(at D1) and of information after that date, the expectation of a profit fall, a higher 
regulatory and litigation risk for the company and increased volatility. These are 
expected to be particularly important especially when examining a new Competition 
Law jurisdiction like that of China in which for the firms investigated this is the first 
time they learn about Competition Law and face a completely new regulatory landscape.   
 
Given the above and that, as mentioned, the probability of conviction for this group of 
conducts with a Per Se Illegality rule is known to be essentially 1, all the other costs of 
been convicted (due to reputation effects and the cessation of the anticompetitive 
activity) are taken into account in the Estimation Window that involves the period some 
days after the announcement of the investigation (D1) until some days before the Final 
Decision Date (D3). The only information, therefore, that becomes available at the Final 

 
12 And, according to the legal literature, also other (non-welfare) effects that we do not examine here, 
focusing on the welfare impact of LU – see below.  
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Decision Date and was not available in the days before, and so could not be taken into 
account in estimating the counterfactual, is the size of the penalty. This is the Penalty 
Uncertainty faced by firms and investors before the Final Decision date that is due to 
the inevitable ambiguity of Penalty Guidelines that are meant to describe the main 
factors that will be taken into account, subject to a large number of aggravating and 
mitigating factors of undefined weight, that depend on the specific characteristics of the 
conduct and the market in which it is undertaken13. Thus, using a post-investigation 
announcement Event Window our aim is to measure this incremental effect of Penalty 
Uncertainty on market valuation of the final outcome. If the resolution of the penalty 
uncertainty (in D3) results in realised returns been lower than the counterfactual, this 
suggests that the penalties finally imposed must have been underestimated, which must 
have a negative deterrence and welfare effect.     
 
The final decision leads to a 1,3-1,4%% drop in the investigated companies’ stock 
market average abnormal returns for the groups of cases with Low Economic Analysis, 
which is not statistically significant based on the J-test. However, the negative direction 
of CAAR is strongly supported by the non-parametric tests—sign test and Wilcoxon 
signed-rank test, with significance levels of 10% and 1%, respectively. The latter tests 
perform better in small samples, and their statistical significance indicates consistent 
directionality with negative abnormal market returns across firms. The negative CAAR 
value persists for all other pre-investigation and post investigation estimation windows 
that we explore. Thus, for antitrust enforcement in China too, as in the Langus et.al. 
(2013) empirical finding on the EC antitrust enforcement, this result is consistent with 
the view that anti-cartel enforcement is effective (though their finding is based on the 
total sample of cases examined, 1/5 of which were not cartels). As they note, the result 
indicates that “the market anticipates that after a (banned) antitrust action, an 
anticompetitive practice will cease, leading to lower profits. In the case of cartels…..the 
cessation of the practice will imply that collusive prices cannot be sustained any “longer” 
and will fall”. Both their and our findings lead us not to share Whinston’s (2008) doubts 
about the effectiveness of antitrust intervention relating to some other empirical work 
which suggests that anti-cartel enforcement may have not led to a price decrease in the 
markets under consideration.  
 
Turning next to the hypothesis that the EB ES has an adverse effect on deterrence by 
creating LU, we test this by investigating whether CAAR for EB assessed conducts is 
positive or negative, i.e. whether actual returns around the time of the decision are 
higher (or, lower) than expected, that is, turn out to be better (or, worse) than the 
expected (counterfactual) returns. We find that CAAR is indeed positive, and that this 
is statistically significant at 5% and 10% levels, depending on the conduct classification. 
Significance of CAAR values, for all conduct categories of our sample, is tested using 
the J-test [Adjusted BMP (Boehmer, Mucumeci and Poulsen) test developed by Kolari-

 
13 Also, due to the fact that the composition of the Committee deciding the penalty will be changing from decision 
to decision and change may well affect the severity of the penalty imposed. See also for a detailed treatment Wang, 
Tan, Katsoulacos and Feng (2005).    
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Pynnönen (2010)], supplemented by the non-parametric sign test and the Wilcoxon 
signed-rank test14. Results suggest, for conducts for which assessment relies on EB, that 
when using a post-investigation-announcement estimation window, relying on the same 
logic as for the interpretation of the result for Per Se Illegality rules, firms will tend to 
underestimate the actual returns of their stocks when the investigation by the antitrust 
authority leads to conviction in D3, and, therefore, that there must be increased 
deterrence of harmful conducts15. To put it in another way, our results suggest that the 
LU associated with EB creates improved deterrence by leading to an overestimation of 
the probability of conviction and/or of monetary penalties, relative to their true value, 
that leads to an underestimation of actual returns relative to their expected value. The 
above results are again confirmed for different event and estimation windows 16 . 
Summarizing the last two results, our empirical findings support the view that the 
presence of LU under EB standards has a positive effect on deterrence and welfare 
whilst the absence of LU under Per Se Illegality has a negative effect on deterrence and 
welfare. This finding is not consistent with the claims by much legal literature but is 
consistent with predictions of some theoretical models by economists. 
 
The structure of the paper is as follows. In Section 2 we examine the theoretical 
literature on evidentiary standards, legal uncertainty and the effect of the latter on 
deterrence. Then in Section 3 we explain in detail our Empirical Estimation Procedure, 
starting with a description of the Sample and Data (Section 3.1), a review of the Event 
Study Methodology and Models for Estimating Expected Returns, our Model 
Specification and the Definition and Measurement of Variables (the ESs) (Section 3.2). 
In Section 4 we present and discuss our findings, first in relation to the presence of LU 
under EB (Section 4.1), the robustness checks undertaken (Section 4.2), and then our 
results relating to LU and deterrence (Section 4.3). We also examine the penalties 
imposed can account for a large fraction of the loss in value of infringing firms in D3 
(in Section 4.4). Section 5 concludes.   
 

2. Evidentiary Standards in Antitrust Enforcement: A Review 
2.1 Evidentiary Standards: Effects on Welfare 

Since our main objective is to examine empirically the relationship between alternative 
ESs to legal uncertainty and deterrence, we start with a review of the literature on ESs 
focusing on the factors that influence the welfare effects of different standards. Apart 
from legal uncertainty and deterrence, ESs differ in terms of the welfare costs of 

 
14  We generally adopt the approach of Langus et al (2013), section 4.2, in examining potential sources of 
endogeneity and bias.    
15 The only difference between the two cases is for conducts assessed by EB, not only Penalty Uncertainty but also 
some LU will persist until D3. It is important to note that these results continue to hold when pre-investigation 
estimation windows are used (compare Table 7 in text with B in Appendix). In latter case absolute CAAR values are 
higher signifying the greater uncertainty when market expectations expressed by Market Model are based on the 
pre-investigation Estimation Window.   
16 Deterrence is also discussed by Huang et.al. (2025) but this refers to the deterrence of the rivals of Alibaba to 
adopting conduct like that of Alibaba, following the latter’s conviction and the imposition of a significant penalty 
by SAMR.  
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decision errors and in terms of administrative efficiency.  
 
ESs measure the “quantity” of evidence considered necessary by a Competition 
Authority (CA) or Court, when assessing a conduct under antitrust law, for concluding 
that it is anticompetitive and sufficiently likely to reduce welfare, thus illegal. Below 
(Section 3.2), we describe how we can distinguish different ESs empirically by 
examining the texts of infringement decisions reached by CAs or Courts (Table 2). The 
ESs differ in terms of the extent to which they rely, in order to identify whether there is 
illegality, on economic analysis and evidence related to the case investigated. Strict Per 
Se are standards (or, better, “rules”, to use the term favored by legal experts) for which 
no economic evidence related to the specific case is needed, only a formal 
characterization of the conduct is enough. Full Effects-Based (FEB) or Rule of Reason 
(the term used in US) are at the other extreme, assessing for every specific case all the 
screens and evidence suggested by economic theory that could show the presence of 
anticompetitive or procompetitive effects.    
 
There is a very large literature about what is the “optimal” or most suitable ES for 
assessing different conduct types (e.g. horizontal agreements, concerted practices, 
vertical restraints, abuse of dominance practices). The factors that must be taken into 
account when considering which ES should be used in investigations of specific 
conduct types are the following:  
  

A. The costs of the decision errors of alternative ESs – measured by the welfare 
cost of considering as harmful (and so convicting as illegal) conducts that are 
benign (cost of false convictions) and the welfare costs of considering as benign 
(and so acquitting) conducts that are harmful (cost of false acquittals). 

B. The welfare cost of the deterrence effects of adopting different ESs, in terms of 
the welfare cost of deterring benign conducts (overdeterrence) and not deterring 
conducts that are harmful (underdeterrence). 

C. The costs of the Legal Uncertainty (or lack of predictability), potentially 
generated by different ESs. An argument that, more specifically, has been put 
forward in a number of papers is that the EB ES generates increased LU as a 
result of which there are negative deterrence and other effects17. 

D. The administrability effectiveness of different ESs. This includes the 
enforcement costs of investigating conducts that are potentially anticompetitive 
under competition law, incurred by enforcing organizations and the firms 
involved; as well as the delays in reaching decisions.18 

 
While there is a very large literature on evidentiary (or legal) standards and rules for 

 
17 There is the argument that predictability is needed as such, because it serves legitimate interests of 
those that may potentially violate the law by not allowing them to plan autonomously and effectively 
their affairs – see Broulik (2024b), Section 3.1. 
18 The costs include direct transaction and litigation costs but may also include indirect costs such as 
costs associated with reduced ability to plan ahead whilst investigated. See for example Broulik (2024), 
p. 368 and references therein.  
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competition law enforcement, there are only a limited number of general analyses 
utilising formal models that take into account all the above factors in order to determine 
the circumstances under which different ESs will be optimal 19 . Often, academic 
contributions neglect issues of deterrence and legal uncertainty. For example, 
Easterbrook (1992), Bruckner and Salop (1999) and Evans and Padilla (2005), ignore 
the effects on deterrence and Legal Uncertainty and suggest that standards should be 
chosen to minimize the sum of error costs plus the legal process costs20. Below we 
comment in more detail on the above factors. 
 
2.2 Costs of decision errors (CDEs), presumptions and legal uncertainty 
 
While our focus will be on the Legal Uncertainty and Deterrence effects of alternative 
ESs these have to be considered in conjunction with their effect on decision errors, in 
order to be able to understand the choices that enforcers have made in practice in the 
past and the rationale for the changes we have observed in the last 20 years or so. Indeed, 
a key background factor in the literature on ESs is a recognition that our economic and 
legal understanding will always be imperfect, and, because of both this and data 
imperfections, it will be impossible to measure with precision many of the important 
factors that will determine the likely welfare consequences of a given conduct. It is 
therefore impossible to define and then measure a precise set of conditions under which 
it will be harmful (anti-competitive) and when it will be benign (pro-competitive). 
Consequently, any ES is likely to make errors. Following the contribution of 
Judge Easterbrook [1984] the ‘decision theoretic’ approach21  has provided a useful 
framework for organizing the discussion on errors and, since then, it has been common 
to argue that ESs should just minimize the sum of the welfare costs caused by decision 
errors22, even though these standards may not be welfare maximizing.23 As Ibanez 
Colomo (2023) observes “Avoiding enforcement errors has always been a central 
preoccupation in EU competition policy and this influenced significantly the adoption 
of the Guidance Paper (2008) on the enforcement of art.102 TFEU”. And “there is 
general agreement in the literature” that there are no standards that can improve on the 
accuracy of the effects-based” standards (Broulík, 2024). 

 
19 Specifically, see the papers of Katsoulacos and Ulph (2009) which examines optimal ESs taking into 
account factors A, B and D; the papers (2015; 2017) focus on A and C; Katsoulacos and Ulph (2022) and 
Katsoulacos (2023, 2024, 2025) focus on A and particularly on showing that the relationship between 
increasing economic analysis and DECs is not monotonous. 
20 See for this point and references Broulik (2024). P.368. 
21 See, for example, Hylton and Salinger [2001], Hylton and Salinger[2004], Ahlborn et al. [2004, 
2005] and Salinger [2006]. 
22 See Beckner and Salop [1999], Tom and Pak [2000], Joskow [2002], and related analyses on legal 
standards, enforcement procedures and applications by Evans and Padilla [2004, 2005], Hylton and 
Salinger [2001], Ahlborn, Evans and Padilla [2005], A. Christiansen and W. Kerber [2006], Salinger 
[2006]. Immordino and Polo [2008]and Sørgard [2009] also consider deterrence effects. As Whinston 
[2006] mentions, ‘the justification of the per se rule is really nothing more than an application of optimal 
statistical decision making.’ 
23 Since the latter depends also, as mentioned above, on how ESs affect other facorrs such as enforcement 
costs, legal certainty and deterrence Katsoulacos and Ulph (2009, 2015, 2017). 
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However, the decision error approach has important weaknesses, which we now 
discuss concentrating on AoD practices and vertical restraints for which there is no 
commonly agreed presumption, as for horizontal agreements, that a Per Se Illegality 
rule should be used. It should first be emphasized that the starting point for the analysis 
of DECs and of which ES minimizes DECs, is the presumption made about the relative 
significance of the welfare Cost of False Convictions (CFCs) v. False Acquittals 
(CFAs). This presumption is absolutely crucial about what standard minimizes DECs, 
a point that unfortunately authors most often neglect to mention. If, as Easterbook did, 
it is assumed that CFC > CFA (the so-called Easterbrook Hypothesis), then this 
presumption essentially means that the conduct is considered presumptively legal (PL), 
or in economists’ jargon it is on average benign24. This has important implications for 
LU, one of our main subjects, that are mentioned below. The EH has been severely 
criticised by many prominent US competition economists in recent years, e.g. Shapiro 
(2021): “…Easterbrook …. achieved his desired result based not on economic theory 
or empirical evidence, but by making strong and unjustified (economic) assumptions” 
that were “based on ideology, not evidence.”25.  
 
Now, when agencies and courts investigate a conduct type considered PL in order to 
establish whether it is actually anticompetitive (harmful26) and hence illegal, the Level 
of Certainty for Harm (LCH)27 will be very low, unless a rule of reason ES is used in 
which all screens that economic theory suggests could indicate that it is harmful are 
assessed. In US abuse of dominance practices has been considered PL and have been 
assessed since the early 1980s under rule of reason. We now know empirically from 
the investigation of thousands of cases examined by rule of reason in US from mid-
1980’s to 2021 that in 97% of the cases investigated it was not possible to reach a 
conviction decision!28 As Richard Posner (1979) has remarked, the rule of reason “in 
practice….is little more than a euphimism for nonliability”. This means that, if firms 
take into account the past decision record of the Courts, the rule of reason in US creates 
absolutely no LU: given a PL presumption, a firm undertaking potentially AoD 
practices, can expect with a probability of almost 1 that their conduct would be finally 
acquitted. 
 
In Europe, AoD practices were considered PI and in most cases a very low ES (Per Se 
Illegality or Modified Per Se Illegality that relies on evidence of dominance) was 
adopted – at least until after the appearance of the EC Guidance Paper (2008). With PI 
conducts, Per Se Illegality is the rule that creates no LU: under this rule, following their 

 
24 See for example, Katsoulacos and Ulph (2009). 
25 Also: “…IO economists understand that monopolists can last for a long time, especially ..if enforcement is lax as 
Easterbrook favors”. The Stigler Center (2019) report makes very similar points; Herbert Hovenkamp, 2022, 
particularly criticizes the assumption that average cost from false convictions is larger than from false acquittals. 
26 In terms of its impact on consumer welfare.  
27 See Katsoulacos (2025). The LCH is the probability that in a specific case a conduct is harmful given the 
presumptions for the welfare effect of the conduct type, and the amount of economic analysis and evidence that has 
been assessed in an investigation of the specific conduct. 
28 See Michael A. Carrier, 1999 and 2009. 



 11 

formal characterisation, all conducts (benign and harmful) are banned. All firms know 
with certainty what will happen if detected, but the DECs (from FCs) are rightly 
considered to be very high. The latter was recognised and led to the abandonment of 
Per Se Illegality and the adoption of the EB approach in EU following the publication 
of the Guidance Paper29. Since then many commentators criticized EB standards for 
creating LU which, they pointed out, has adverse deterrence effects. However, as we 
will see in the next sub-section claiming that a switch from Per Se Illegality to a more 
EB standard will necessarily or is likely to have adverse deterrence effects seems to be 
the result of a fundamental misunderstanding: it is with Per Se Illegality, under which 
there is no LU, that CFCs are maximized (since all cases end up in an infringement 
decision irrespective of whether conduct has been harmful or benign, so there is 
overdeterrence of benign conducts)!  
 
Second, apart from not relating the analysis of DECs to an analysis of presumptions, 
the literature on minimizing DECs has made another fundamental omission. It always 
assumed that one should be comparing the Per Se rule to the full effects-based standard. 
This neglects that there are many intermediate evidentiary standards, as stressed 
especially by the significant literature on a continuum of standards (Jones and Kovacic, 
2017; Areeda and Hovenkamp, 2017). Building on this idea Katsoulacos & Ulph (2022) 
and Katsoulacos (2023, 2024, 2025) have shown that in circumstances like those 
characterizing the digital sector, in which abuse of dominance practices can be 
considered PI and the EH does not hold, the full effects-based standard is likely not to 
be error-minimizing compared to a lower standard such as the Truncated Effects Based 
under which infringement decisions are based on a showing of exclusionary effects (or 
of enhancing market power)30.  

 
A third major weakness of using as benchmark the minimization of DECs (or, as noted 
above) of DECs net of enforcement costs, it that this neglects a number of very 
important other influences that were mentioned above and on which we focus in this 
paper (influences B, C). While it is clear that the administrative effectiveness (influence 
D) of Per Se rules is greater than that of effects-based rules, in terms of both 
enforcement costs and delays, the analyses of the other two influences (B and C, 
deterrence effects and LU) are much more involved and they can lead to conflicting 
results. We turn to these now.    
 
2.3 Deterrence Effects and Legal Uncertainty 

 
29 The Guidance Paper adopted a rather agnostic view of whether conducts are PI or PL (perhaps in response to the 
rich IO literature on potential efficiencies in the previous 10-15 years), and there was a shift in emphasis towards 
avoiding false convictions. These shifts suggested the use of more economic analysis and evidence (an “economics-
based, or as it came to be termed), an effects-based approach. The latter was adopted and slowly but surely the Courts 
examining appealed infridgment decisions came to the same views - Decisions of Intel, Unilever Italia, Google 
Android. However, in last 3-4 years there is a strong movement to go back to some extent and use a lower ES than 
full effects-based; see EC’s Competition Policy Brief (March 2023). 
30 So it is not considered necessary to prove that these effects reduce consumer welfare. 
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As observed by K&U (2009), the decision theoretic approach ignores the indirect (or 
deterrence) effects caused as all firms anticipate the potential consequences of different 
evidentiary standards were they to come to the authority's attention, and adjust their 
behaviour accordingly. This has been recognized by, among others, Joskow (2022) who 
argues that these indirect effects are more important than the costs of decision errors as 
they include the (cost of) the responses and adaptations that target firms as well as other 
‘firms and markets in general make to antitrust rules …”. Bucirrossi et.al (2014) 
mention that “…deterrence is typically the primary objective of law enforcement, as it 
can be achieved for a very large number of potential infringements without the need for 
these to be detected by law enforcers”. And Davies Mariuzzo and Ormosi (2018) argue 
that in competition law enforcement the magnitude of deterred harm probably far 
exceeds the harm removed by direct intervention”. Katsoulacos & Ulph (2009) remains 
that only theoretical paper we know that examines the welfare effects of Per Se Rules 
v. EB Standards taking into account, decision errors, deterrence effects and the 
administrability effectiveness of enforcement proxied by the coverage rate and delays 
in reaching decisions. While Buehler (2024) has argued that increased accuracy by EB, 
when assessing conducts that are not Per Se Illegal, improves deterrence, echoing the 
more general analysis of Kaplow and Shavell (1992), the results from the K&U (2009) 
formal model suggest that EB will not necessarily be welfare superior to Per Se when 
both the costs of decision errors and deterrence are taken into account and even if the 
superiority of administrative effectiveness of Per Se is ignored. Indeed, the combined 
welfare effects of decision errors and deterrence effects of Per Se are more likely to be 
superior to EB when the presumption of illegality is strong31(as, for example, in the 
high-tech digital markets)32.    

In taking account of deterrence effects, it is clear that it is not just the outcomes of the 
decisions reached by CAs on detected and investigated conduct that matter to firms, but 
also the extent to which these outcomes are unpredictable (i.e. the effect on LU) and 
other procedural aspects of the CA's investigation and enforcement processes33. Legal 
Uncertainty, the inability of economic agents to predict with certainty whether a 
privately beneficial action that they would wish to undertake would be judged by a 
regulatory authority to be socially harmful, and so be treated as illegal and potentially 
subject to a penalty, has been the subject of analysis by economists and other social 
scientists for a long time34. The impact of legal uncertainty on the optimal enforcement 
of economic regulations, has been the subject of attention in the Law and Economics 

 
31 See discussion in pages 425 – 428. 
32 See for example Cremer et.al (2019). 
33 Three important such aspects are: the fact that only a proportion of firms taking the action will be investigated by 

the authority – this fraction is known as the ‘coverage rate’; delays in reaching decisions; the level and structure of 

any penalties, reputational costs, or costs of reversing the action that a firm might face if found to have acted in an 

anti-competitive fashion. 

34 See “The Economics of Legal Uncertanty” by Lee, Jiwon et.al (2025). 
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literature for at least three decades and, more recently, in the literature on the 
enforcement of Competition Law35. 

In a useful recent paper, Broulik (2024a) mentions that the deterrence effect of antitrust 
law enforcement “relies on businesses anticipating which actions would be found 
lawful and which unlawful. If businesses cannot predict this well, competition law will 
be frustrated in achieving its objective because of the resulting mis-deterrence, i.e. 
oven- and/or underdeterrence”. He provides a long list of references to authors that 
discuss the LU enhancing effects of EB standards36 . He notes that under the LU 
generated by EB, “Business are not discouraged from behaving harmfully 
(underdeterrence) as well as discouraged from behaving benignly (overdeterrence)”37. 
There is a fundamental misunderstanding here: while a form-based Per Se Illegality 
rule that convicts all conducts of some type that are detected and investigated (harmful 
or benign) creates no LU, it maximizes the deterrence of benign conducts38! With an EB 
rule some of the benign ones will be correctly acquitted (reducing deterrence of benign 
conducts – a welfare enhancing effect) and some of the harmful conducts will be 
mistakenly not-convicted – so false convictions are reduced and false acquittals 
increase. Using a formal model Katsoulacos and Ulph (2015, 2017) examine decision-
error minimizing ESs as well as the welfare effects of legal uncertainty (incorporating 
deterrence effects). Depending on the information structure that they face firms may be 
in situations of No Legal Uncertainty, Partial Legal Uncertainty and Complete Legal 
Uncertainty39. Their papers discuss and are influenced by the previous contributions of 
Calfee (1984), Craswell et.al. (1986), Kaplow (1990, 1992 and 1995), Kaplow and 
Shavell (1992, 1995) and Schinkel et.al. (2006). They show that the EB standard may 
dominate the Per Se Illegality rule even under conditions of Complete Legal 
Uncertainty.    
 
In another important paper, Lang (2017) also considers “legal uncertainty as uncertainty 
about the legality of a specific action. In particular, (he) supposes that the threshold of 
legality is uncertain and shows that this legal uncertainty raises welfare. Legal 

 
35 See for details Katsoulacos and Ulph (2015, 2017).  
36 These include his other recent papers (2024b; 2019) and Barbara E Baarsma (2011); Christiansen and Kerber 

(2006); Frank H Easterbrook, ‘The Limits of Antitrust’ (1984); Adriaan ten Kate Sr (2023; Luis Ortiz Blanco and 

Alfonso Lamadrid de Pablo; Michael J Trebilcock and Edward M Iacobucci (2002); Roger Van den Bergh (2016); 

Denis Waelbroeck and Donald Slater (2012); Mark A Lemley and Christopher R Leslie (2008); Hawk and Denaeijer 

(2000).  
37 The same argument is repeated on Broulik (2024b): “Lacking predictability of enforcement hinders the deterrent 
function of competition law….We want law enforcement to be predictable because this limits over-deterrence and 
under-deterrence ….”. He accepts that EB “improves accuracy” – so there is a trade-off in the effect on welfare.   
38 All of which are certainly banned if detected. 
39 They clarify the concept of “legal uncertainty”, relying on ideas in the literature on Law and Economics, but 
formalising it by associating legal uncertainty with the information structure of what firms know about the process 
by which potentially harmful actions are treated by competition authorities. What firms know is clearly distinct, 
though influenced, from the decision errors made by authorities. They use this framework to show that information 
structures with legal uncertainty need not imply lower welfare than information structures with legal certainty—a 
result echoing a similar finding obtained in a completely different context and under different assumptions in earlier 
Law and Economics literature (Kaplow and Shavell, 1995).  
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uncertainty changes deterrence in opposite directions. The probability of conviction 
increases for firms below the threshold (illegal, harmful conducts), while the probability 
of conviction decreases for firms above the threshold (benign conducts). Hence, legal 
uncertainty acts as a welfare enhancing screen and increases welfare”. This result 
echoes the effect first identified by Katsoulacos and Ulph (2009), which they termed 
“the differential deterrence effect” (of EB ESs) which (they show) is always positive. 
This reflects the fact that EB standard has a greater deterrence effect on harmful actions 
than on benign actions – a feature not shared by a Per Se rule.  
 
To conclude, our review shows that while there are a large number of formal (and less 
formal) models and discussions that examine the LU and deterrence welfare effects of 
different ESs these produce different theoretical predictions. Thus, pursuing an 
empirical estimation of these effects is inevitable and this task is in the rest of this paper.   
 

3. Empirical Estimation Procedure and Model Specification 
In this section, we present our empirical estimation procedure and model specification.  

3.1 Sample and Data 
In China, antitrust infringement decisions are reached and executed by the State 
Administration for Market Regulation (SAMR) in response to a breach of competition 
laws or regulations. We obtained 129 infringement decisions issued between 2010 and 
2023 from the SAMR website, most of which (127 decisions) originate from the 
database compiled in our previous work (Gao Z., Katsoulacos Y et al., 2024). These 
documents include detailed information of the type of the infringing conduct, economic 
analysis, the monetary penalty amount imposed and the dates of critical events (i.e. 
announcement of investigation and announcement of final ruling), which are useful for 
our empirical analysis in this paper.  
 
Table 1 provides a summary of the number of decisions that contain the key features 
under study, such as public traded companies and the dates of relevant events. Of the 
129 decisions, only those involving firms listed in a stock exchanges were retained, 
since our purpose is to estimate the influence of antitrust enforcement on the stock 
market. For offending firms that are not publicly listed, we include their parent or 
holding firms in the sample if they are listed. Having reviewed the original sample we 
identified a total of 40 infringement cases involving 106 stocks. Here, it should be 
emphasized that although we only need to estimate the effect of final ruling on the firms’ 
value, the choice of estimation window relies on the announcement date of investigation 
as explained in Introduction above, therefore, we need to exclude the cases lacking 
explicit investigation dates in the judgment documents. Ultimately, the total sample 
covers 75 stocks belonging to 62 firms, which are drawn from 35 decisions between 
2010 and 202340. Meanwhile, the average gap from investigation to final ruling exhibits 

 
40 Only two infringement decisions were appealed and these decisions were upheld by the Courts that examined the 
appeals.  



 15 

an upward trend during this fourteen-year period, and the overall average review 
duration is around 1.5 years. In particular, in 2015-2019 and 2020-2023, the duration 
increased by about one year compared to 2010 - 2014. This duration is deemed 
sufficient to serve as the estimation window for the event study methodology.   
 
Firms in our sample are listed on multiple stock exchanges. Therefore, we collected the 
daily stock returns41 for investigated firms from the CSMAR database, the Compustat 
North America database and the Compustat Global database. Moreover, the CSMAR 
database and the website of Professor Kenneth French provide the value-weighted 
average daily market returns for Shanghai and Shenzhen stock exchanges and for 
foreign markets, respectively. These data are utilized to estimate the expected return 
(ER) and abnormal return (AR) for investigated companies in decisions.  

Table 1 

Description of Samples 

Announcement of Final Decision  2010-2014 2015-2019 2020-2023 
Total 
(2010-2023) 

Total number of decisions  28 62  39  129 
Decisions involving listed firms   7 22 11 40 
Decisions with available investig.dates 5 19 11 35 
Number of listed firms 8 36 18 62 
Number of listed equities 10 44 21 75 
Avg.duration between investigation  
and final decision (in years)  

   Average 
0.4  1.4 2.4 1.5 

 

3.2 Event Study Methodology   

3.2.1 Brief review of the methodology and of its applications in the field of 
competition policy and antitrust 

Our empirical analysis relies on the well known and widely used “event study 
methodology”. The core premise of this methodology is the market efficiency 
hypothesis, which means that significant events relating to a firm’s fundamentals are 
instantly reflected in its stock price42. The hypothesis was introduced by Fama in 1965 
and widely accepted and used in the finance and economics field, although it has been 
controversial in behavioural finance due to investors’ incomplete rationality 
(Kahneman and Tversky, 1974; Shiller, 1981). Subsequently, the event study 
methodology remains a critical tool for measuring the impact of events, such as in the 

 
41 We utilized the adjusted daily stock returns (including dividend reinvestment). 
42 The stock price incorporates the value that investors assign based on all publicly available information about the 
company’s fundamentals. Here, the fundamentals refer to basic economic and financial factors that affect the value 
of security (see Fama and French,1992; Campbell and Shiller,1988).  
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field of anti-monopoly, a decision made by the enforcing authority for a violation of 
competition law.      
 
Fama et al. (1969) was the first to systematically establish the theoretical foundation of 
the event study methodology. By analyzing the speed and efficiency of the stock 
market's reaction to new information, they provided a methodological framework for 
subsequent researches. Following this, Eckbo (1983) and Stillman (1983) extended the 
application of this methodology to the antitrust domain, estimating the anti-competitive 
significance of horizontal mergers. Specifically, Eckbo (1983) incorporated the stock 
price reaction of the rivals of the merging firms to disprove the coordination effect 
(collusion) hypothesis.  
 
An important predecessor of our analysis is the paper of Langus et al. (2013). They 
carried out an analysis of European antitrust infringement decisions to estimate the 
magnitude of abnormal returns at the time of three key events (dawn raids, final 
decisions and appeal decisions), finding that the negative influence of the antitrust 
action on a firm’s stock market value is between -3.03% and -4.55%, of which only 
8.9% can be attributed to fines, while the rest was deemed to be due to the cessation of 
profitable activities. Similarly, we calculate the expected returns and abnormal returns 
for the offending firms by using a standard market model. However, our work mainly 
focuses on estimating the disparity in stock price changes across the groups with 
different levels of economic analysis on the day of the final decision. This issue has not 
been explored in the existing literature. 
 
Bosch and Eckard (1991), Van den Broek et al. (2012), Günster and van Dijk (2016), 
as well as Mariuzzo, F et al. (2020) also utilized the event study methodology to test 
the reaction of stock market to antitrust actions, and tried to analyze potential reasons 
for the estimated reaction. Specifically, Bosch and Eckard (1991) analyzed the effect of 
indictments in U.S. price-fixing cases, and found a significant drop of 1.08% on 
companies’ stock returns over the indictment announcement date and the day before. 
They conjectured that the reaction is mainly due to the loss of monopoly profits rather 
than the expected legal costs. Van den Broek et al. (2012) explored the stock value 
fluctuations of Dutch listed firms targeted by the competition authority from 1998 to 
2008. They pointed out that cartel offenders are restricted largely through the lost 
conspiracy-generated profits (constituted 55%) and reputational penalties (accounted 
for 33%) induced by market, not through legal penalties. Based on the sample of Langus 
et al (2013), Mariuzzo, F et al. (2020)’s research combined event study methodology 
and sentiment analysis to explore the substitution relationship between reputational 
sanctions and public sanctions. The effect of reputational sanctions diminishes that of 
public penalty in deterring misconduct of firms. Conversely, the implications of fines 
will materialize when reputational penalties are absent. Moreover, some scholars have 
discussed how the private antitrust litigation affects stock market valuation. For 
example, Bizjak and Coles (1995) researched the share price reactions of defendant and 
plaintiff firms following the initiation of lawsuits. They found that the major reason of 
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the decline of equity value (approximately 0.6%) for defendants can be attributed to the 
restriction of illegal activities not only to the imposition of monetary fines.      
 
Additionally, there are some studies that examine the effect on competitors’ stock price 
changes. For instance, Bos L., Letterie W. and Scherl N (2019) investigated the impact 
of Dawn Raids and final decisions on the stock market value of cartel and non-cartel 
firms, where non-cartel firms are regarded as competitors. Their aim was to verify the 
‘umbrella effect’ of cartels on the market, the presence of which implies that cartel 
members should be held liable not only for raising their own prices, but also for 
damages resulting from the price increase of rivals.  
 
None of the articles mentioned above examines the stock market effect of antitrust 
infringement decisions of different types of conduct that are assessed by Competition 
Authorities and Courts using different evidentiary standards, which is an important 
contribution of this paper. E.g. comparing the effects of the different evidentiary 
standards used in agreement vs. abuse of dominance cases. For the first, a Per Se 
illegality evidentiary standard in applied (in horizontal cartels) while in the second a 
more Effects-Based evidentiary standard is used (as is the case in Europe and as we 
shall see below, in China), under a presumption of illegality.  
 
We use this information in order to compute Average Abnormal Returns at the event 
(Final Decision) date in three different ways. First, we calculate the AR using as 
realized actual return and the expected return on the Decision day (D3) (Table 5). 
Second and most importantly and realistically we allow for information leakages and 
delayed investor reactions over the period from D3-3 to D3+2. For this case, we first 
calculate the AR using as realized actual return, the cumulative actual return over the 
six days (Table 6). Finally, as in Langus et.al (2013) and other papers, we calculate the 
CAAR of stocks at the event window around D3, that the infringement decision is 
announced (Table 7). We use the absolute value of these AR values as an indicator of 
the Legal Uncertainty created by different evidentiary standards.  
 
3.2.2 Models for measuring expected returns 
 
Below when we analyze the abnormal performance of stock returns, counterfactual (or 
normal or expected) returns need to be measured first. MacKinlay (1997), Brown and 
Warner (1980, 1985), Bhagat and Romano (2002) have provided comprehensive 
overviews of statistical models and economic models for doing this. Statistical models 
include the Constant Excepted Return Model (CERM), the Market Model (MM) and 
the Risk-adjusted Market Model (RMM). The Capital Asset Pricing Model (CAPM) 
and the Arbitrage Pricing Theory (APT) belong to economic models.  
 
Briefly, assuming that market factors have a limited impact on individual stock returns, 
the Constant Excepted Return Model (or Mean-Adjusted Model) can be used to conduct 
an estimation of the event’s impact. The general expression is 𝑅!" = 𝜇! + 𝑒!", where 
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𝑅!" is the return for stock i over time period t, 𝜇! is the excepted return for stock i, and 
𝑒!" is the usual statistical error term. In order to effectively eliminate bias caused by 
market factors, the Market Model (MM) (𝑅!#=𝛼! + 𝛽!𝑅$# + 𝜀!#) can be a suitable 
choice. It reduces the variance of the abnormal return by relating the return of a given 
security to the return of market portfolio, thus leading to an increased ability to detect 
event effects. Aktas, N et al. (2004) concurrently applied the CERM and MM, the 
market model with parameters estimated by the method of Scholes and Williams (1977) 
rather than OLS43, to examine the abnormal market price movements of investigated 
firms from 19 countries under Merger Review.  
 
The Risk-adjusted Market Model (RMM) is an extension of the market model in terms 
of the form, but when discussing risk adjustment, it is considered an extension of the 
CAPM theory, because it takes into account both market factors and each security’s 
systematic risk. By incorporating additional adjustment factors such as event effects or 
lag effects in CAPM (see De Vany and McMillan (2004)), it can accurately capture the 
relationship between market returns and the returns of specific assets. In empirical 
research, De Vany and McMillan (2004) employ RMM to quantify the impact of 1938-
1949 Paramount litigation on the stock market of film industry. 
 
Economic models essentially represent statistical models with added restrictions, 
leading to more constrained expected returns. Two typical economic models are the 
Capital Asset Pricing Model (CAPM) and the Arbitrage Pricing Theory (APT). 
Under the former Expected Returns are given by 𝐸(𝑅!) = 𝑅% + 𝛽![𝐸(𝑅$) − 𝑅%] (see 
Sharpe (1964) and Lintner (1965)), which relates the market risk premium to asset 
returns. In practice, CAPM is based on a single factor and has a limited explanatory 
power on expected asset returns when additional factors influence returns. To address 
this limitation, Fama and French (1993) refined CAPM by introducing a three-factor 
model that incorporates market risk (RMRF), firm size (SMB), and book-to-market 
equity (HML). Building upon Fama-French’s three-factor model, Carhart (1997) added 
an additional momentum factor (MOM)44 to account for abnormal returns unexplained 
by previous models. And in 2015, Fama and French formally proposed a five-factor 
model, which additionally includes a profitability factor (RMW) and an investment 
factor (CMA) in their three-factor framework. When accounting for firms' profitability 
and capital expenditures, it is found that this model's explanatory power is significantly 
enhanced, as the inclusion of RMW and CMA can better capture cross-sectional 
variations in stock returns. 
 
Mullin et al. (1995) applied CAPM to investigate the competitive effects of the U.S. 
Steel consolidation. They were the first to include downstream firms’ stock market 
reaction to estimate the net effect of the merger. As for Arbitrage Pricing Theory (APT) 
model:𝑅!" = 𝛿& + 𝛿!'𝐹'" + 𝛿('𝐹("+. . . +𝛿!)𝐹)" + 𝑒!" (𝐹', 𝐹(, . . . 𝐹) are the returns on 

 
43 The Scholes-Williams method is designed to solve the problem of nonsynchronous trading. When stock trading 
frequency is low or market data presents lag effects, the parameters estimated by OLS are biased and inconsistent. 
44 Measuring the speed of price changes in a stock, security, or tradable instrument. 
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the n factors that estimate returns, and the δ parameters are the factor loadings), its 
main potential advantage is to remove the biases caused by CAPM45. However, the 
statistical models such as the market model can also remove these biases, therefore for 
event studies these models are given priority for use (MacKinlay, 1997). Overall, the 
application of the market model is most common in event studies since it entails 
relatively low costs and is free from the restrictions46 of CAPM, which is also why we 
adopt it in our paper. 

 
3.2.3 Model Specification 

The market model is widely applied in antitrust event studies, as its ability to control 
market-wide volatility improves the accuracy of detecting effects of the event 
(MacKinlay, 1997; Brown and Warner, 1985). It is used in most of the articles we 
reviewed in the previous section that examine the effect of antitrust investigations on 
the market value of firms47. 

Under the market efficiency hypothesis, when we know the exact time at which the 
news becomes available to the investors and the daily normal returns of securities that 
would have been realized in the absence of news (the counterfactual returns), we can 
use the index of abnormal return to reflect this particular event’s impact, as the 
difference between actual return and expected return. As noted in the Introduction we 
distinguish between 3 main events during the Competition Authority’s review process 
as shown in Figure 1 below. Announcement of investigation (D1), statement of 
objections (D2) and final decision (D3). Among them, the final decision announcement 
(D3) is the main event day we want to explore. As far as D2 is concerned we note that 
the Statement of Objections (or, in China, Penalty Notice) is usually recorded in the 
document of final decision. The SAMR will only send it to the involved enterprises in 
advance before the final decision is made, but will not make it public (so we could not 
find any of these documents)48. 
 

 

 
 

Figure 1 
Indicative Timeline: Estimation and Event Windows 

 
45 Asset pricing anomalies such as small-firm effect and value premium cannot be explained within the 
CAPM framework, whereas APT model, by incorporating multiple risk factors, can account for these 
phenomena (see Fama and French (1993)). 
46 The theoretical constraint of CAPM is intercept α=0, which may affect the robustness of study results. 
47 The Fama–French model is mostly used in portfolio performance evaluation and asset pricing research, 
particularly when trying to explain differences in average returns across portfolios 
48 Of course, there are few listed firms that will issue announcements voluntarily (or in accordance with 
the regulation of the stock exchanges) on the stock market after receiving the notice (SO). 
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In the Estimation Window shown in Figure 1 data used for estimating the parameters 
of the market model, are between the period from ten days after investigation day (D1) 
to four days before final ruling (D3), thus avoiding the interference caused by the 
investigation and premature leakage of decision information. For the reasons mentioned 
in the Introduction and also below, our main estimation window includes the post-
announcement days [D1+10, D3-4]. However, we have compared our findings with this 
estimation window, to those when other estimation windows are used. In the Appendix 
we show the results when the estimation window includes pre-investigation date, 
specifically, [D1-180, D1-10], and the statistical significance of the mean difference for 
classification categories remain unchanged except for the second classification 
(compare Table 7 below to Table B in Appendix)49.     
 
As noted above, we calculate the AR using just the realized return at D3, and also, for 
the case where we allow for leakages and delays in investor reactions between D3-3 and 
D3+2. For the latter case two different approaches are used to calculate cumulative 
abnormal returns. Also, as we discussed above, the standard market model is chosen to 
calculate the abnormal returns on the day of final decision (D3). According to this:  

 50 (1) 

Where, 𝑟!" represents the daily return of security i on day t, and 𝑟𝑚" is the market 

weighted average return. We run OLS to obtain the coefficients αi6  and βi
7  for the firm 

i according to the equation (1), for the estimation window [D1+10,D3-4]. Then we use 
the estimated model (equation (2) below) to calculate the expected return (ER) for the 
day of the final decision (D3): 

   (2) 

Subsequently, we calculate the abnormal return (AR) by subtracting the expected return 
from the actual return rate on the day of final decision (D3). 

   (3) 

where riD3 and ARiD3 are actual return rate and the abnormal return on D3 for security 

i, respectively.  
 
Furthermore, to capture the important case that some the decisions were announced late 
or after the market closed on event-(final decision) day, as well as that the relevant 
information was leaked before D3, we calculated the abnormal return (AR) by a six-day 
cumulative actual return:  

 
49 We also examined other estimation windows, e.g. [D1+10, D3-11] or [D1, D3-2] and the statistical 
significance remain largely unchanged.     
50 As we noted above we examined a number of Estimation Windows to ensure robustness– in Table 5 
and the Tables that follow in the main test we use [D1+10, D3-4]. 
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   (4) 

Or 

   (5) 

And: 

    

Where Pit is the closing price of the stock on trading day t, riD3-3 and riD3+2 is actual 

return rate on three days before and two days after, and ARi[D3-3, D3+2] represents the 

abnormal return estimated by cumulative actual return over [D3-3, D3+2].  
 
As in the papers of Lagus et al. (2013) and Gunster et al. (2016), we calculate the 
cumulative average abnormal return (CAAR) by summing the average abnormal 
returns over the days of the event window, where each day’s average abnormal return 
is the average daily abnormal returns across N securities. Specifically, we directly sum 
the Average Abnormal Return (AAR) over the days of the event window to gain 
Cumulative Average Abnormal Returns (CAAR): 

   (6) 

It should be emphasized that we calculated the CAAR for each classification group 1, 
2 and 3.  
 
When we assessed the influence of the infringement decision on the AAR of each group, 
we followed the J-statistic proposed by Lagus et al. (2013) to evaluate the cumulative 
average abnormal returns: 

   (7) 

The J test above is the adjusted BMP (Boehmer, Mucumeci and Poulsen, 1991) test 
developed by Kolari-Pynnönen (2010). Based on the structure of the original BMP test 
(the average Standardized Abnormal Returns of the sample), Kolari and Pynnönen 
introduced r̅ (the average cross-correlation coefficient among stocks) into the 
denominator’s standard-error estimate to improve the stability of the test (avoiding to 
over-reject the null hypothesis). Langus et al. (2013) adopted this test to correct cross-
sectional correlation (several stocks experience a common shock on the overlapping 
event windows). Here, sCAAR========== is scaled cumulative average abnormal return and 
SsCAR is the standard deviation of scaled cumulative abnormal return51.  
 
 
51 See Langus et al. (2013).   
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Given the sudden nature of the antitrust announcements, the time period for potential 
information leakage is inherently limited, so only a short pre-event window was 
adopted, which can also avoid overlap between the event window and the estimation 
period. We opted for using the event-day (D3) itself and the period from three trading 
days before to two trading days after final decision as an event window. The event day 
(t=0) and the symmetric window of [-1, +1] are commonly employed as standard event 
window in many papers (e.g., Günster and van Dijk, 2016; Bos, I et al., 2019), but our 
statistical significance findings over the symmetric window differs little from that of 
D3. This reflects the fact that information is gradually absorbed by the market52 . 
Therefore, we examined the event windows from three days before to multiple days 
after the final decision, finding that the inclusion of four trading days after the event-
day maintains the statistical significance. However, once the window is further 
extended to encompass the fifth trading day, the significance declined. For the cases 
without explicit dates of final judgments, we adopted the earliest disclosure date among 
the government, media and the listed company as D3. 
 
Langus et al. (2013) pointed out a concern that the cross-sectional correlation among 
abnormal returns can bias the standard tests to over-reject the null hypothesis, in the 
case that the event windows partially overlap in calendar time for firms. Therefore, they 
carried out the J-statistic developed by Kolari and Pynnönen (2010) to analyze the 
abnormal reaction of stock prices under the different event days. Besides, other studies 
adopted the sign test statistic (ZQ) and Patell’s Z (SQ) test as main or complementary 
tests to evaluate the statistical significance of average abnormal returns. Based on these 
studies, below we have used the independent two-sample t-test for our purpose in the 
first part of our research, to pay more attention on the differentiated stock market value 
fluctuations of the two comparison groups. Next, when we wish to infer the effect of 
legal uncertainty on deterrence, we adopt the “J-test” to assess the statistical 
significance of CAAR during the event window, which can make our results more 
conservative and reliable. In our sample, there are cases that typically involve multiple 
companies involved in the infringement, especially for horizontal agreements, therefore, 
the J-test is the most suitable approach to remove cross-sectional correlation existing 
among the abnormal returns.     
 
3.2.4 Definition and Measurement of Variables 

 
To examine the influence of different evidentiary standards on the stocks of firms 
investigated for competition law violations, we need a methodology for identifying 
empirically evidentiary standards (ESs). Katsoulacos and Ulph (2023) 53  and 
Katsoulacos (2023; 2023a; 2025)54, proposed examining the texts of antitrust decisions, 

 
52 Especially in jurisdictions like in China where there was no much experience with antitrust enforcement. 
53 Katsoulacos and Ulph, 'Choosing Legal Rules or Standards in Antitrust Enforcement: A Proposal for Extending 
and Facilitating the Use of the Decision‐Theoretic Approach' (n 11) 
54 Katsoulacos, “Could a move to more presumption-based Legal Standards be justified, for the hi-tech digital 
markets, on error-cost minimizing grounds?” (n 12) 
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and identifying the screens assessed in a number of stages55 by the CA in order to reach 
decisions, once the type of conduct is characterized56. Higher ESs are associated with 
more screens.  
 
The values of the Cumulative Economic Analysis Indicator (CEAI) can then be 
identified for different decisions involving the assessment of different conducts and 
these values correspond to different ESs. CEAI serves as a main independent variable 
in our research. In other papers, the value of this indicator has been calculated for 
antitrust decisions by DGCOMP (EC)57, for SAMR (China)58 and for CMA (UK)59. 
Table 1 (see in Appendix) illustrates the five screens, 1 or more of which are typically 
examined when examining different antitrust cases. When the decision text provides 
relevant description or economic / mathmatical analyses or evidence of a corresponding 
screen, we assign a score of 1 for this screen. The cumulative score ranges from 1 to 5, 
cases with a greater score implying that they have higher degree of economic analysis. 
Table 2 in Appendix presents the conversion between the number of screens assessed 
and the value of CEAI and the corresponding ESs.  
 
Using the results in Katsoulacos, Gao, Wang and Feng (2024), assigning CEAI values 
to 129 antirust decisions in China between 2010 – 2023, the CEAI values for the 35 
decisions that, as mentioned above, we could include in our sample for undertaking the 
empirical analysis here, are summarized in Table 4. As it is shown, all decisions are 
classified into three conduct categories: horizontal agreements60, vertical agreements 
(RPM) and abuse of dominance. We can observe that most of the decisions (25/35) 
involve horizontal or vertical agreements61. As expected, for horizontal and vertical 
agreements (RPM), CEAI ≤ 2 in the vast majority, 24/25 of decisions, i.e. are treated 
under Per Se Illegality ES. For abuse of dominance cases for 7/10 decisions, CEAI ≥ 3, 
i.e. are assessed by some form of Effects-Based. The percentage is lower than in EU 
and UK, where in the last 15 years or so, under the influence of developments in 
economic theory it is considered appropriate to assess these cased using Effects-Based. 
However, the percentage with CEAI ≥ 3 is about 73% (8/11) when considering the 
stocks included in the analysis of abuse of dominance cases62. Also, we note that in 
China there were not a Full Effects-Based (CEAI = 5) ES used in any of the decisions. 
 
The distribution of stocks in Table 4, classified by CEAI and conduct category, mirrors 
that of observations presented in Table 5 (and subsequent Tables). The main goal of our 
 
55 Characterization stage is stage 0. SSMP is identified in stage 1. For applications of this approach to EC antitrust 
decisions see Yannis Katsoulacos and Galateia Makri (2024) 'The Role of Economics and the Type of Legal Standards 
in Antitrust Enforcement by DGCOMP: An Empirical Investigation' (2021) 9(3) Journal of Antitrust Enforcement 
457-504. Revised and extended in same Journal 2024. 
56 It is assumed that the characterization of the type of conduct is undertaken without errors.  
57 See Katsoulacos and Makri (2021 and 2024). 
58 See Katsoulacos, et al (2004). 
59 See Bageri and Katsoulacos (2025). 
60 Including a case involving exchange of information of future prices, that is universally treated as Per Se Illegal 
(as a cartel). 
61 This is indeed common also for DGCOMP and for CMA (see, Bageri and Katsoulacos, 2025; Katsoulacos and 
Makri, 2021 and 2024). 
62 See the recent literature, e.g. Katsoulacos and Ulph (2009; 2020). 
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research is to compare the difference of stock market response between high and low 
economic analysis (or high and low evidentiary standard) groups resulting from the 
judgment (in D3) and to examine the implications for Legal Uncertainty and for 
Deterrence. In order to make the comparison more robust, we use three alternative 
classification approaches to the different levels of economic analysis or different ESs, 
two of which rely on splitting CEAI values into “high” and “low” economic analysis 
groups and a third one relies on different conduct categories (anticompetitive 
agreements and “other” (abuse of dominance) conducts. Thus, in Table 5 (and 
subsequent Tables). stocks are classified depending on whether the decision belongs to 
one or the other of the two groups in the following three classifications: 

1. Classification 1: Shares are classified depending on whether the decision 
belongs to High Economic Analysis Group: CEAI ≥ 3, or to the Low Economic 
Analysis Group: CEAI ≤ 2. 

2. Classification 2: Shares are classified depending on whether the decision 
belongs to High Economic Analysis Group: CEAI ≥ 3 or to the (Very) Low 
Economic Analysis Group: CEAI =1. 

3. Classification 3: Shares are classified depending on whether the decision 
belongs to Anti-competitive agreements or to Other (dominance) conducts 

Table 4 

Number of Decisions That Correspond to Each CEAI 

Conduct Category 
Value of CEAI Total 

decisions 
Stocks 

1 2 3 4 

Horizontal agreement 2 13 1 0 16 52 

Vertical agreement 
(RPM) 

7 2 0 0 9 12 

Abuse of Dominance 0 3 5 2 10 11 

Total decisions 9 18 6 2 35  

Stocks 15 50 8 2  75 

 
In Table 5, under the first classification, we have 65 observations with CEAI≤ 2 (from 
first two columns of Table 4), and 10 observations with CEAI ≥ 3 (from third and fourth 
columns of Table 4). Under the second classification, we have 15 observations with 
CEAI=1 (from first column of Table 4), and again 10 observations with CEAI ≥ 3. 
Under the third classification, 1 case with CEAI=3, involving 2 stocks, was dropped 
from the anticompetitive agreements sample, given that such agreements are generally 
considered as Per Se illegal, thus assessed with CEAI≤ 2, due to their obvious 
restrictions on competition, a prevalent practice throughout the world. Hence, under 
this classification we have in total 73 (not 75) observations of which 11 are observations 
related to Abuse of Dominance (third row of Table 4). Thus for the third classification 
we have 62 (=73-11) observations for anticompetitive (horizontal and vertical) 
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agreements (first and second row of Table 4).  

4 Empirical Findings 

4.1 Results on the Effect of Different ESs Adopted (for Assessing Different 
Conduct Types) on Abnormal Returns: High Economic Analysis ESs and Legal 
Uncertainty 

In this section (4.1), we present and discuss our empirical results on how different ESs 
applied in antitrust enforcement to different conduct types affect the Abnormal Returns 
of these conduct types and undertake a series of non-parametric robustness checks. First, 
we estimate the Average Expected Return (AER) and the Average Abnormal Return 
(AAR) across the observations in our samples for the two conduct groups within each 
of the three classification categories, and test the statistical significance of the difference 
in AAR and AER across the two groups. We do this for the case that the AR is calculated 
using just the realized return at D3 (Τable 5), and also, for the case where we allow for 
leakages and delays in investor reactions between D3-3 and D3+2 (Tables 6 and 7). For 
the latter case two different approaches are used to calculate cumulative abnormal 
returns. While it is true that the small sample size can be inconclusive owing to low 
statistical power, we have very carefully assessed in section 4.2 this concern using non-
parametric effect size statistics. Then in section 4.3 we estimate the Cumulative Average 
Abnormal Return (CAAR) during the Event Window [D3-3, D3+2] of decision date D3, 
using the adjusted BMP (Boehmer, Mucumeci and Poulsen) test developed by Kolari-
Pynnönen (2010) to verify the significance of CAAR for each group, with the non-
parametric sign test and Wilcoxon signed-rank incorporated to enhance the robustness 
of the results. Most significantly we examine the implications of our results for the 
deterrence effects of adopting different ESs.  
 
Table 5 presents the average expected and abnormal returns on the final judgment day 
(D3), using the estimation window of [D1+10, D3-4] and with AR calculated using just 
the realized return at D3. The first comparison (Classification 1) gives an Average 
Abnormal Return of -0.002 across our observations for cases with CEAI≤ 2, and an 
AAR of 0.010 for cases with CEAI≥ 3. Thus we find a difference of -0.011 (significant 
at the 0.1 level) in Average AR between the two groups, which suggests that  

Ø the low economic analysis group (CEAI≤ 2) exhibits significantly lower AAR 
than the high economic horizon group (CEAI≥ 3).  

A similar pattern can also be observed in the third classification, when grouping the 
sample according to anti-competitive agreements and other conducts, a negative and 
highly significant mean difference (at 0.01 significance level), with -0.018, implies that  

Ø companies investigated for agreements have a substantially lower stock price 
response than that for other conducts.  

However, for the second classification, also divided by the CEAI index, we do not get 
statistically significant differences in AAR across the two comparison groups (with a p 
value of 0.192). By looking at the average expected returns (AERs) shown in the table, 
it is also obvious that AER between two groups do not differ significantly under all 
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three classifications (with p-value of 0.317, 0.330 and 0.295, respectively). 
 
Further, according to the result of low economic analysis groups under Classification 1, 
2 and 3, the negative AARs indicate that the returns expected for the final decision are 
higher than the actual returns at D3. This could be true if investors underestimated the 
penalty for cases with less economic analysis or agreements. By contrast, the cases with 
more economic analysis, under all classifications having relatively high and positive 
value of AARs could be true if investors overestimated the penalty or the uncertain 
probability of conviction. These conjectures will be verified in the following part. 

 
Table 5 

 Comparison of AER/AAR on date of Final Decision (D3) 

Note: The mean difference test is conducted using t-test; Obs represents the sample size of each group; 
The difference in AAR (and AER) between two groups is uniformly termed Mean difference; The sample 
consists of all stocks from the listed firms involved in the cases from 2010 to 2023; One-sided test: 
significance levels * p<0.10, ** p<0.05, *** p<0.01. 
 
Overall, the t-test results emerging from Table 5, neglecting for the moment the second 
classification (the result for which is particularly influenced by the very narrow event 
window used here, see below on this), indicate that on the final decision day (D3)  

Ø the AAR for the high economic analysis group is significantly higher indicating 
the presence of higher Legal Uncertainty. These results are statistically 
significant at the 1% and 10% level for Classification 3 and 1 respectively.   

 
These results are strengthened considerably when taking into account an event window 
that allows for leakages of information before D3 and for delayed reaction of investors 

Estimation Window: [D1+10, D3-4] 

Classification  
 

Varname 
Obs 

AER/ 
AAR 

Obs 
AER/ 
AAR 

Mean 
difference 

p 

 CEAI≤ 2 CEAI≥3  

CEAI≤ 2 & 
CEAI≥3 

ERD3 65 -0.002 10 -0.001 -0.002 0.317 

ARD3
 65 -0.002 10 0.010  -0.011* 0.057 

 CEAI=1 CEAI≥3  

CEAI =1 & 
CEAI≥3 

ERD3 15 -0.002 10 -0.001 -0.002 0.330 

ARD3
 15 -0.002 10  0.010 -0.012 0.192 

 
Anticompetitive 
agreements 

Others  

Anticompetitive 
agreements & 
Others 

ERD3 62 -0.002 11 -0.001 -0.002 0.295 

ARD3
 62 -0.003 11  0.015    -0.018*** 0.005 



 27 

after D3. Langus et.al (2013) 63  also emphasize, that the presence of information 
leakages implies that the market will react before the final decision date. Moreover, if 
information is announced late or after the stock market close on the event day, the 
adjustment of stock price will continue also on the days after final decision date. Thus 
in Table 6 we used the six-day cumulative actual returns to capture this effect64.   
 

Table 6 

Comparison of AER/AAR[+!,-,+!/(] within Event Window [D3-3, D3+2] 

Note: The mean difference test is conducted using t-test; Obs represents the sample size of each group; 
The difference in AAR (and AER) between two groups is uniformly termed Mean difference; AR is 
calculated using the four-day cumulative actual returns; The sample consists of all stocks from the listed 
firms involved in the cases from 2010 to 2023; One-sided test: significance levels * p<0.10, ** p<0.05, 
*** p<0.01. 
 
Based on the six-day cumulative value for the actual return rate, it is clear from Table 
6 that,  

Ø for all three conduct classifications, there are highly statistically significant 
differences in the average abnormal returns (AARs), the AAR for the conduct 
category of high economic analysis been significantly higher.  

By comparing results with Table 5, we see that now in the second classification, the 
difference in AAR of the high economic analysis group (CEAI≥3) relative to the low 
economic analysis group (CEAI=1), noticeably increases to 3,6% and is significant at 
the 5% level (focusing on date D3 only in Table 5, this comparison fails to show 
statistical significance). The values of the AAR difference in the other two 

 
63 See Section 4.1.2 particularly. 
64 We found that the results of event window [D3-3, D3+2] is even better than those when the window [D3-1, D3+1] 
is used. 

Estimation Window: [D1+10,D3-4] 

Classification  Varname Obs 
AER/

AAR["!#$,"!&'] 
Obs 

AER/
AAR["!#$,"!&'] 

Mean 
difference 

p 

 CEAI≤ 2 CEAI≥3  

CEAI≤ 2 & 
CEAI≥3 

ERD3 65 -0.002 10 -0.001 -0.002 0.317 
AR["!#$,"!&'] 65 -0.003 10 0.031   -0.034*** 0.002 

 CEAI=1 CEAI≥3  

CEAI=1& 
CEAI≥3 

ERD3 15 -0.002 10 -0.001 -0.002 0.330 

AR["!#$,"!&'] 15 -0.005 10 0.031   -0.036** 0.012 

 
Anticompetitive 
agreements 

Others 
 

Anticompetitiv
e agreements & 
Others 

ERD3 62 -0.002 11 -0.001 -0.002 0.295 

AR["!#$,"!&'] 62 -0.004 11  0.028   -0.032*** 0.004 
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classifications also rise to over 3% after adjusting to the cumulative actual return, in 
particular, the significance level of the first classification has increased to 1%. This 
analysis verifies that  

Ø the reactions of firms’ stocks are not been satisfactorily captured on the event 
day of final decision only, especially for the second classification.      

 
In their paper Langus et al (2013) captured the effect of the final decision by calculating 
the Cumulative Average Abnormal Returns (CAARs) of stocks within different event 
windows. Building on this approach65, we also calculated the CAARs within the six-
day event window [D3-3, D3+2] to evaluate the impact of final decision for our three 
classifications. Table 7 shows that the difference in average abnormal returns are still 
statistically significant for all three classifications (significance level at 1%, 10% and 
1% respectively), which better reflects the changes in the market compared with Table 
5, and are almost the same as those in Table 6.  

Ø Based especially on the results of Tables 6 and 7, it is clear that the AARs of 
stocks of conducts assessed with high economic analysis (or Effected-Based, EB 
ES) are significantly higher, and their AARs maintain positive, while the 
opposite holds for the AARs of conducts assessed with a low ES.      

 
Table 766 

 Comparison of CAAR within Event Window [D3-3, D3+2] 

Note: The mean difference test is conducted using t-test; Obs represents the sample size of each group; 
AER is same as the value shown in Table 5 and 6, we omit it in this table; The difference in CAAR 
between two groups is termed Mean difference; The sample consists of all stocks from the listed firms 
involved in the cases from 2010 to 2023; One-sided test: significance levels * p<0.10, ** p<0.05, *** 
p<0.01. 
 
We note that positive CAAR values are not uncommon. For example, when SAMR 
 
65 This approach can be found in many articles such as MacKinlay (1997) and Günster and van Dijk (2016), etc.    
66 Because AER is the same as the value shown in Table 5 and 6, we omit it in this table. 

Estimation Window: [D1+10, D3-4] 

Classification method 
Varnam
e 

Obs CAAR Obs CAAR 
Mean 

difference 
p 

 CEAI≤ 2 CEAI≥3  

CEAI≤ 2 & CEAI≥3 CAR 65 -0.013 10 0.028 -0.041*** 0.001 

 CEAI=1 CEAI≥3  

CEAI = 1 & CEAI≥3 CAR 15 -0.001 10 0.028 -0.029* 0.054 

 
Anticompetitiv
e agreements 

Others  

Anticompetitive 
agreements & Others CAR 62 -0.014 11 0.021 -0.035*** 0.004 



 29 

imposed a fine RMB 18.228 billion on Alibaba in 2021 for abusing its dominant 
position, its market value in the Hong Kong Stock Exchange rose by 6,5%.  
 
4.2 Robustness of the results  

As with earlier studies reviewed above that use the event-study methodology to 
examine the effects of antitrust enforcement on the market valuation of infringing firms, 
we also carry out a number of robustness checks to deal with different inference 
problems. To start with, as we stressed above, we have demonstrated the accuracy of 
our results by examining their robustness to different Estimation and Event Windows. 
Further, regarding the results of the mean difference of AARs of different conduct 
groups shown in Table 6 and 7, we report effect sizes to show the magnitude of the 
difference — not just whether it is statistically significant. Specifically we use the two 
most commonly used effect size measures: Cohen’s d and the bias-corrected Hedges’s 
g that adjusts for small sample bias and is particularly useful when the sample size is 
small. Reporting both of these increase transparency and comparability. 

Table 8 

Classification  Varname 

 Cohen's d  Hedges's g 

Estimate 
95% 
confidence 
interval 

Estimate 
95% 
confidence 
interval 

CEAI≤2& 
CEAI≥3 

AAR["!#$,"!&'] -1.035 [-1.718, -0.345] -1.024 [-1.700, -0.341] 

CEAI=1& 
CEAI≥3 

AAR["!#$,"!&'] -0.995 [-1.835, -0.135] -0.962 [-1.774, -0.131] 

Anticompetitive 
agreements& 
Others 

AAR["!#$,"!&'] -0.988 [-1.647, -0.324] -0.978 [-1.629, -0.320] 

Note: Effect sizes are computed using Cohen's d and Hedges's g to measure the mean difference in AAR 
between two groups; An absolute value of estimate greater than 0.8 indicates a large effect size.    
 
For the reasons discussed above we use the event window [D$ − 3, D$ + 2] that yields 
better between-group differences in all three classifications than considering the event 
day D3 alone, capturing not just the immediate reaction of stocks, but also information 
leakages, lag effects and gradual adjustment.  

 

AAR[D3-3, D3+2] for each comparison has been tested at first, as demonstrated in Table 

8: the performance of all three classifications is excellent. For the comparison between 
the groups with CEAI≤2 and CEAI≥3, the effect size is large and statistically significant, 
as indicated by Cohen’s d (-1.035, 95% CI [-1.718, -0.345]) and Hedges’s g (-1.024, 
95% CI [-1.700, -0.341]). It implies a strong and consistent effect even after adjusting 
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for sample size bias. In social science, the threshold for a good absolute value of 
Cohen’s d or Hedges's g is 0.867, our effect size of both 1.035 and 1.024, well beyond 
the threshold, which means our results are reliable. Likewise, the estimate values of 
Classification 2 (CEAI=1 & CEAI≥3) and 3 (Anticompetitive agreements & Other 
conducts) lead to the same conclusion.     
 
Although the comparisons in Classification 1 and 3 show wide confidence interval (not 
overlapping zero), the estimates still support the negative effect direction consistent 
with our main findings, and the magnitude of the effects gained by Hedges's g and 
Cohen's d are similar. Therefore, the overall pattern suggests that the effects are robust 
despite the limited sample size. Even though our sample is small, the consistent, large 
effect sizes with confidence intervals that do not cross zero in main comparisons 
support the importance of our findings. We can reasonably think that the observed 
effects are not only statistically but also practically significant. 
 
Next, we applied effect size analysis to the cumulative average abnormal return (CAAR) 
of each comparison in Table 7 to measure the practical magnitude of the results. 
Compared with Table 8, the difference is that in the second classification in Table 9, the 
estimate value is lower than 0.8, at a medium effect (0.5). However, overall, the 
absolute value of estimated effect sizes for the main classification categories (e.g., 
Cohen's d = -1.071 and Hedges's g = -1.060 for the first classification) indicates a large 
effect and the 95% confidence interval exclude zero. This further corroborates the 
robustness of our results regardless of the sample size. 

 
Table 9 

Classification  Varname 

 Cohen's d  Hedges's g 

Estimate 
95% 
confidence 
interval 

Estimate 
95% 
confidence 
interval 

CEAI≤2& 
CEAI≥3 

CAAR -1.071 [-1.755, -0.379] -1.060 [-1.737, -0.375] 

CEAI=1& 
CEAI≥3 

CAAR -0.685 [-1.502, 0.146] -0.662 [-1.452, 0.142] 

Anticompetitive 
agreements& 
Others 

CAAR -0.904 [-1.559, -0.242] -0.894 [-1.542, -0.240] 

Note: Effect sizes are computed using Cohen's d and Hedges's g to measure the the difference in AAR 
between two groups; An absolute value of Estimate greater than 0.8 indicates a large effect size.   
 

 
67 See Cohen, Jacob (1988). Statistical Power Analysis for the Behavioral Sciences. Routledge. Other effect size 
thresholds can refer to Sawilowsky, S (2009). "New effect size rules of thumb". Journal of Modern Applied 
Statistical Methods. 8 (2): 467–474. 

https://en.wikipedia.org/wiki/Jacob_Cohen_(statistician)
https://books.google.com/books?id=2v9zDAsLvA0C&pg=PP1
https://doi.org/10.22237/jmasm/1257035100
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Langus et.al. (2013) also discuss a potential endogeneity bias as a result of firms 
entering the composition of stock market indices been very large though they appear as 
independent variables in the model of counterfactual returns. We have checked the 
relative size of firms in our sample and can confirm that this is very small in the vast 
majority of cases, which minimizes the risk of this potential bias been a problem.  
 
4.3 The Effect of Legal Uncertainty on Deterrence 
 
The importance of post-investigation announcement Estimation Windows  
 
As noted in the Introduction, an innovative part of our analysis is the use as our main 
estimation window the period [D1+10, D3-4], composed of after-announcement of the 
investigation days. When examining the impact of antitrust investigations at the Final 
Decision Date it is usual to adopt an Estimation Window from the pre-investigation 
announcement period in order to calculate the normal relationship between the firms’ 
stocks and the market in the absence of an investigation. The event-study methodology 
can then be used to provide a measure of the overall effect of the antitrust investigation 
on D3.  
 
Using an Estimation Window that consists of after-announcement of the investigation 
period, specifically [D1+10, D3–4] we can isolate the implications of Penalty 
Uncertainty on Deterrence, which we consider an important contribution of the paper. 
To clarify this note that using a post-investigation announcement Estimation Window 
implies that the estimated expected (counterfactual) returns calculated after D1 capture, 
as a result of the information of the announcement of the investigation (at D1), the 
expectation of a profit fall, a higher regulatory and litigation risk for the company and 
increased volatility. To put it in another way, all the costs of been convicted (due to 
reputation effects and the cessation of the anticompetitive activity) are taken into 
account by the expected returns in the after-announcement of the investigation 
Estimation Window. The only information, therefore, that becomes available at the 
Final Decision Date (D3) and was not available in the days before, and so could not be 
taken into account in estimating the counterfactual, is the size of the penalty. This is the 
Penalty Uncertainty faced by firms and investors before the Final Decision date that is 
due to the inevitable ambiguity of Penalty Guidelines that are meant to describe the 
main factors that will be taken into account, subject to a large number of aggravating 
and mitigating factors of undefined weight, that depend on the specific characteristics 
of the conduct and the market in which it is undertaken 68 . Thus, using a post-
investigation announcement Estimation Window our aim is to measure this incremental 
effect of Penalty Uncertainty on market valuation of the final outcome. If the resolution 
of the penalty uncertainty (in D3) results in realised returns been lower than the 
counterfactual, this suggests that the penalties finally imposed must have been 
underestimated. Thus the Authorities fail to convey correctly what the actual size of the 

 
68 Also, due to the changing composition from decision to decision of the Committee deciding the penalty - this 
may well affect the severity of the penalty. See also for a detailed treatment Wang, Tan, Katsoulacos and Feng (2005).    
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penalties will be, the actual size is underestimated, which must have a negative 
deterrence and welfare effect.  
 
The Effect of Different Evidentiary Standards and Legal Uncertainty on Deterrence  
    
Now, as shown above, the Effect-Based (EB) ES does create legal uncertainty. As we 
have seen, the CAAR is significantly higher with EB than when the Per Se Illelgality 
rules are used. However, as emphasized in section 2, what is important is establishing 
that this has a negative welfare effect through adverse deterrence (as has been claimed 
by a number of authors reviewed in section 2 above). Subsequently, in this section, we 
use the Kolari-Pynnönen adjusted BMP test (J test), sign test and Wilcoxon signed-rank 
to assess the Cumulative Average Abnormal Return (CAAR) for each of the different 
conduct types assessed with different ESs or different amounts of economic analysis 
(see Table 10).  

Table 10 

Note: Stars on CAAR are based on Kolari-Pynnönen adjusted BMP test; The asterisks for the sign test 
and Wilcoxon signed-rank are marked on their p-values; one-sided for three tests: significance levels * 
p<0.10, ** p<0.05, *** p<0.01.   
 
Again we use the event window [D3-3, D3+2]69, focusing on Low Evidentiary Standards  
(with CEAI≤2 or the Group of “Anticompetitive agreements”) and High Evidentiary 
Standards (with CEAI≥3; for High ESs we do not use the category of “other” or 
dominant firm conduct as this does not allow us to focus clearly on the effect of High 
Economic Analysis as it contains 3/10 cases in which CEAI<3). For the category of 
high ES, the J-test shows that the Cumulative Average Abnormal Returns of the group 
with CEAI≥3 is significantly positive (with significance level of 5%). The test, an 
enhanced parametric event-study test, improves inference reliability correcting for both 
event-induced variance and cross-sectional correlation of abnormal returns that may 
occur when events are clustered or firms are exposed to common shocks. Further, this 
result is also robust under the non-parametric tests (sign and Wilcoxon signed-rank 
tests): 

 
69 Results are robust to other Event Windows, though, as expected, results under smaller Windows drop in statistical 
significance (to 10% level), as they cannot capture appropriately leakages before the Decision Date and delayed 
reactions of investors – this is similar to Langus et.al. (2013) and other papers. 

Event 
Window 

Group of 
conducts 

CAAR J p-value 
Sign test 
(p) 

Wilcoxon  
signed-
rank (p) 

Low ESs 

[-3,+2] 
CEAI≤2 -0.013 -0.535 0.296 0.068* 0.005*** 
“Anticompetitive 
agreements” 

-0.014 -0.564 0.287 0.049** 0.004***  

High ESs 
[-3,+2] CEAI≥3 0.028** 1.665 0.048 0.011** 0.030** 
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Ø For the group with High Economic Analysis CEAI≥3, there is an increase of 
2,8% in the investigated companies’ stock market average abnormal returns. 
Further, the p-values of the non-parametric sign test and Wilcoxon signed-rank 
test verify the significance of CAAR for this group confirming the directional 
consistency of positive abnormal market returns across firms.  
 

For the Low Economic Analysis groups, both CAAR values, for CEAI≤2 and for anti-
competitive agreements70 are negative, but fail to show statistical significance based 
on the J-test; however, the non-parametric tests yield significant results for both of these 
two groups:  

Ø The final decision leads to a 1,3-1,4% drop in the investigated companies’ stock 
market average abnormal returns for the groups of cases with Low Economic 
Analysis, which is not statistically significant based on the J-test. However, the 
negative direction of CAAR is strongly supported by the non-parametric tests—
sign test and Wilcoxon signed-rank test, with significance levels of 10% and 1%, 
respectively. The latter perform better in small samples, and their statistical 
significance indicates consistent directionality with negative abnormal market 
returns across firms71.  
 

Notice next, that for the high economic analysis (or high ES) group of conducts, for 
which CAAR is positive and significant at the 5%, this result suggests that, if assessed 
by EB, firms will tend to underestimate the actual realised returns of their stocks when 
investigated by the antitrust authority and convicted, and, therefore, that there is 
increased deterrence of harmful conducts. In other words: 

Ø The LU that EB ESs creates improve deterrence by leading to an overestimation 
of the probability of conviction and/or of monetary penalties (that leads to an 
underestimation of actual returns relative to their expected value). 

 
For the low economic analysis (low ES) group of conducts, CAAR, as indicated by the 
non-parametric tests, is predominantly negative so realised returns over the event 
window are predominantly lower than expected, i.e. realised returns are predominantly 
overestimated. Given that the ES for this conduct category is one close to Per Se 
Illegality, the probability of conviction for this group of conducts is close to 1 and this 
will be known to the investigated firms. Thus overestimating realised returns implies 
that there is Penalty Uncertainty with the penalties imposed being underestimated72.  

Ø Thus, while our results for cases assessed by low ESs (Per Se Illegality) are not-
conclusive (given the divergence in statistical significance between the J-test 
and the non-parametric tests), they suggest that the Penalty Uncertainty results 
in penalty underestimation and thus has a welfare reducing effect by reducing 

 
70 These include RPM apart from horizontal agreements, all of which are assessed under a Per Se Illegality rule.  
71  This pattern is quite common in event studies and has straightforward statistical explanations (there is no 
statistical inconsistency). The J-test relies on mean abnormal returns while the non-parametric tests use the direction 
and ranks of absolute returns, testing whether the median remains (here) negative and the sign remains predominantly 
negative. The latter are more suitable when the normal approximation is not strong and the variance estimation is 
noisy. 
72 Or, the adjustment in product prices from the collusive level is now considered smaller than anticipated.  



 34 

deterrence of some harmful conducts.   
 

 
4.4 Fines and Loss of Market Value 
 
In this section we examine the relationship of the penalties imposed on the firms in our 
sample and the loss in market valuation. Our results confirm previous findings in this 
subject undertaken in other countries. For each security, the loss in market value around 
the final decision (D3) is   

   (8) 

This is as in the papers of Langus et al. (2013), Gunster and Van Dijk (2016) and Yong 

Huang et al. (2025). CARi
D3is the cumulative average abnormal return during the event 

window from three days before to two days after the final decision date, CAPi
benchmarkis 

the capitalization of each security on three days before the Announcement of the 
Investigation (D1-3). Thus, the ratio of the penalty to the loss of market value is 

   (9) 

Usually, only the administrative monetary penalty imposed is used in order to calculate 
the ratio (as in (9)). However, in our sample, there are 14 listed companies from 7 cases 
(accounting for 20%) that were not only fined but also had their illegal gains confiscated 
- they involve horizontal agreements and abuse of dominance. Therefore, to observe 
the additional impact of confiscating illegal gains on the company, we also calculated 
the sum of the fine73 and the illicit gains74 (if any) as penalty in the formula (9). It is 
worth emphasizing that the CAR of some firms are positive (like we mentioned above, 
the real return is larger than expected return), indicating an increase in market value 
(see Table C.II). In Table C.I and Table C.II in the Appendix, we can see that for most 
of firms, the ratio in (9) is very small, even including the illegally earned income that 
was confiscated. Thus, we see that the fine and illegal gains can only account for a small 
fraction of the stock market reaction, like in Gunster et al. (2016), who also argue that 
the direct legal costs are not able to explain large value losses. There are other influence 
factors such as the loss of reputation and expected decline in future probability due to 
the termination of illegal activities (see Bosch and Eckard (1991), Lagus et al. (2013) 
and Gunster et al. (2016)), that may explain why the loss in market value exceeds the 
fine. Nevertheless, we also notice that there are a limited number of companies with 
negative CAAR whose ratio exceeds 100%. This seemingly abnormal situation is 
actually reasonable. Firstly, the incremental surprise around the event window may be 

 
73 If multiple companies involved in the case are controlled by the same listed parent company, we aggregate their 
fines.  
74 According to Articles 56 to 58 of the Anti-Monopoly Law of the People’ s Republic of China, operators may be 
fined between 1% and 10% of their sales in previous year. However, the term ‘previous year’ is not explained. Based 
on cases and available materials, some cases adopt the year preceding the issuance of the final decision, while others 
use the year preceding the announcement of investigation. There may also be cases that adopt other reference points. 

3

3

D benchmark
D ,i i iL CAR CAP= ×

3i i D ,iRatio Penalty / L=
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small or very small, leading to a small CAR, relative to a large penalty. We cannot rule 
out the possibility that the stock market may have anticipated part (or all) of the fine 
before the final decision, which leads to a decrease in stock price that occurs gradually 
earlier. Secondly, if the company is very large, even a huge fine may be tiny relative to 
its total market capitalization, e.g., for SAIC Motor, the fine only accounts for 0.06% 
of its market value, making the loss in market value lower than the fine. Finally and 
importantly, investors may well consider that the fine will not modify the competition 
dynamics, especially for the company with a dominant position in its industry, the fine 
does not reduce future profitability, and an even large fine may cause a small market 
response (and a Ratio greater than 1).  

5 Conclusions 

While a number of empirical studies have examined the effect of antitrust investigations 
on firm’s market value there have been no empirical studies up to now that focus on 
examining whether the effects are different when conducts investigated are assessed 
with different assessment procedures or evidentiary standards (ESs). Here, we utilize 
data from antitrust investigations in China between 2010 – 2023, and employ, as in 
many other empirical studies, the event-study methodology, but with stocks divided 
into two main categories, one with conducts assessed under form-based or Per Se rules 
and one with conducts assessed with Effects-Based. We specifically examine two 
hypotheses which have attracted attention in the law and economics literature, with 
conflicting predictions from different studies, but have not been tested empirically. 
According to the first, the EB standard increases (legal) uncertainty. According to the 
second, if there is an increase in LU this will have adverse, welfare reducing, deterrence 
effects. We find empirical support that the adoption of EB ESs increases LU measured 
by the absolute mean value of the difference in AAR when EB ESs rather than Per Se 
Illegality rules are used. However, we also find that the LU of EB creates welfare 
enhancing deterrence effects. This result is statistically significant under the J-test and 
also robust after checking for sample size effects and for a number of non-parametric 
tests. Under the Per Se Illegality rules used in the case of Agreements the value of 
CAAR is consistently negative, suggesting a welfare reducing deterrence effect, but not 
statistically significant under the J-test. However, the non-parametric sign and 
Wilcoxon signed-rank tests, that perform better in small samples, are strongly 
statistically significant indicating consistent directional negative abnormal market 
returns across firms.  
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Appendix 
 

A. THE CALCULATION OF CEAI VALUE 

Table A.1  

Assessment Screens, Description and Score 

Screens Description Score 
S1 Conduct characterisation screen. 0/1 

S2 
(a) Market contextualisation and  
(b) when relevant, Significant Market Power 
(SMP) /contestability screen. 

0/1 

S3 
Potential for significant exclusionary impact or 
enhanced ability to exercise / maintain market 
power screen. 

0/1 

S4 

Potential consumer welfare loss, due to just 
anticompetitive effects, screen. Examination of 
potential effects on output, prices, quality, 
variety and innovation. 

0/1 

S5 Efficiencies assessment and balancing screen. 0/1 

 

Table A.2 

The Conversion Mechanism Between Screens Assessed, CEAI and ESs 

Screens examined in 
assessment 

Value of CEAI 
corresponding to 
screens examined 

 
Evidentiary Standard 

S1 1 Strict Per Se 

S1 and S2 2 Object-Based or Modified 
Per Se75  

S1 and S2 and S3 3 Truncated Effects-Based 

S1 and S2 and S3 and S4 4 Effects-Based 

S1 and S2 and S3 and S4 
and S5 5 Full Effects-Based EU) or 

Rule of Reason (US)  
 
 

B. CALCULATIONS FOR ALTERNATIVE ESTIMATION WINDOWS 

 
75 Object-based is the term used in the EU to describe an evidentiary standard relying on Screens 1 and 2(a). 
Modified Per Se is the term often used to describe an ES relying on screens 1, 2(a) and 2(b). We note there that a 
value of CEAI = 2 is given when screen 2(a) is assessed irrespective of whether or not 2(b) is also assessed.  
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Table B 

Comparison of CAAR within Event Window [D3-3, D3+2] 

Note: The mean difference test is conducted using t-test; Obs represents the sample size of each group, 
for Classification 1 and 2, the reduction in the observation is due to the insufficient stock data during 
the estimation period of [D1-180, D1-10]; The difference in AAR (and AER) between two groups is 
uniformly termed Mean difference; The sample consists of all stocks from the listed firms involved in 
the cases from 2010 to 2023; One-sided test: significance levels * p<0.10, ** p<0.05, *** p<0.01. 
 
 

C. CALCULATIONS FOR MARKET VALUE LOSS 
Table C.I 

Fine (and Gain) / Market Value Loss Ratio 

No. 
(Event 

ID) 
Stock 

Fine 
(CNY 10,000) 

Gain from illegal 
activities 

(CNY 10,000) 

Market value  
change  

(CNY 10,000) 

Ratio A 
(%) 

Ratio B 
(%) 

Conduct type 

1 (1) 
Tianyao Co., Ltd. 
(SH) 

3512.4711 889.7850 -1906.670 -184.220 -230.887 Horizontal agreement 

2 (2) Jidong Cement (SZ) 9755.755  -58926.188 -16.556  Horizontal agreement 

3 (3) 
Mercedes-Benz 
Group AG (Germany) 

35006 
 

-377465.125 -9.274  Vertical agreement 

4 (4) GM (US) 20175.6  -834998.875 -2.416  Vertical agreement 
5 (5) Towngas Smart (HK) 384.1041  -19129.133 -2.008  Horizontal agreement 

Estimation Window: [D1-180, D1-10] 

Classification method 
Varnam
e 

Obs 
AER / 
CAAR 

Obs 
AER / 
CAAR 

Mean 
difference 

p 

  CEAI≤ 2 CEAI≥3  

CEAI≤ 2 & CEAI≥3 
ERD3 63      -0.003 9 -0.002 -0.002 0.350 

CAR 63 -0.014 9 0.030 -0.044*** 0.001 

  CEAI=1 CEAI≥3  

CEAI = 1 & CEAI≥3 
ERD3 14 -0.003 9 -0.002 -0.002 0.324 

CAR 14 -0.004 9 0.030 -0.034** 0.021 

  
Anticompetitiv
e agreements 

Others 

Anticompetitive 
agreements & Others 

ERD3 62 -0.003 11 -0.001 -0.002 0.283 

CAR 62 -0.016 11 0.024 -0.039*** 0.001 
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6 (6) Erkang Pharma (SZ) 1087.41  -57076.512 -1.905  Dominance 

7 (4) SAIC Motor (SH) 20175.6  -1262862.625 -1.598  Vertical agreement 

8 (7) CNBM (HK) 1972.681 501.49 -140198.547 -1.407 -1.765 Horizontal agreement 

9 (2) 
Heidelberg Materials  
AG (Germany) 

6089.5632  -433442.906 -1.405  Horizontal agreement 

10 (8) Kunlun Energy (HK) 2505  -236561.406 -1.059  Dominance 

11 (9) 
Sinosun Technology  
Co., Ltd. (SZ) 

25.8503 538.03 -2711.732 -0.953 
 

-20.794 
 

Horizontal agreement 

12 (10) 
Abbott Laboratories 
(US) 

7734  -1111085.625 -0.696  Vertical agreement 

13 (11) Medtronic plc (US) 11852  -1849459.125 -0.641  Vertical agreement 

14 (12) Aisino Co., Ltd.(SH) 37.4851  -10374.615 -0.361  Horizontal agreement 

15 (13) Jidong Cement (SZ) 284  -147765.422 -0.192  Horizontal agreement 
16 (14) PetroChina (SH) 8406  -5854586.500 -0.144  Vertical agreement 

17 (13) 
Shanshui Cement 
(HK) 

50  -126196.922 -0.040  Horizontal agreement 

18 (15) China Life (SH) 209.197  -550142.625 -0.038  Horizontal agreement 

19 (15) 
Ping An Insurance 
(SH) 

70.4709  -212310.391 -0.033  Horizontal agreement 

20 (9) SUNYARD (SH) 7.6171 411.369 -27374.414 -0.028 -1.531 Horizontal agreement 

21 (16) 
Oriental Pearl  
Group Co., Ltd.(SH) 

41.6539  -197549.172 -0.021  Horizontal agreement 

22 (15) China Taiping (HK) 25.9707  -216774.141 -0.012  Horizontal agreement 

23 (16) 
COSCO Shipping 
(SH) 

14.47  -132196.969 -0.011  Horizontal agreement 

24 (17) Red Star Macalline 10  -137747.969 -0.007  Horizontal agreement 

25 (18) 
Ping An Insurance 
(SH) 

19.01  -266097.563 -0.007  Horizontal agreement 

26 (15) PICC Group (HK) 85.4072  -1206962.000 -0.007  Horizontal agreement 
27 (15) China Life (HK) 209.197  -3667667.500 -0.006  Horizontal agreement 
28 (18) China Pacific (SH) 11.89  -289987.313 -0.004  Horizontal agreement 
29 (19) China Taiping (HK) 1.45 13 -40923.680 -0.004 -0.035 Horizontal agreement 

30 (15) 
Ping An Insurance 
(HK) 

70.47  -2278902.000 -0.003  Horizontal agreement 
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31 (20) China Pacific (SH) 13.48  -488350.063 -0.003  Horizontal agreement 

32 (19) China Pacific (SH) 7.98 134.72 -976107.938 -0.001 -0.015 Horizontal agreement 
33 (19) PICC Group (HK) 1.45 25.99 -413609.938 -0.000 -0.007 Horizontal agreement 

34 (19) 
Ping An Insurance 
(HK) 

2.9 42.01 -1756129.125 -0.000 -0.003 Horizontal agreement 

35 (19) 
Ping An Insurance 
(SH) 

2.9 42.01 -1849347.875 -0.000 -0.002 Horizontal agreement 

36 (19) China Life (HK) 1.45 43.32 -1078102.000 -0.000 -0.004 Horizontal agreement 

37 (19) China Life (SH) 1.45 43.32 -3316380.250 -0.000 -0.001 Horizontal agreement 

Note: The sample contains 70 stocks from 34 cases, three stocks from three cases were excluded due to missing D1–3 data. In two 
cases, the fines were waived by the antitrust authorities when the sanctions were implemented. Event ID is the case identifier 
indicating which case each stock belongs to. In stock names, SH and SZ denote the Shanghai and Shenzhen Stock Exchange 
respectively. The Market value change is negative for a loss and positive for a gain. Ratio A = fine / market value change; Ratio B 
= (fine + Gain from illegal activities confiscated by the SAMR) / market value change. 

 
Table C. II 

 Fine (or Gain) / Market Value Loss Ratio (Continued) 
No. 

 (Event 
ID) 

Stock 
Fine 

(CNY 10,000) 

Gain from illegal 
activities 

(CNY 10,000) 

Market value  
change  

(CNY 10,000) 

Ratio A 
(%) 

Ratio B 
(%) 

Conduct type 

38 (2) 
West China Cement 
(HK) 

17229.978  6464.893 266.516  Horizontal agreement 

39 (21) 
Kanghui Pharma 
(SH) 

14380 10890 9036.974 159.124 279.629 Dominance 

40 (14) PetroChina (HK) 8406  5961.762 140.999  Vertical agreement 

41 (22) 
Wanbangde Pharma 
(SZ) 

224.1754 23.2205 391.174 57.308 63.245 Dominance 

42 (2) 
Conch Cement— A 
Share (SH) 

10554.123  37445.207 28.186  Horizontal agreement 

43 (23) Qualcomm (US) 608800  3227491.250 18.863  Dominance 

44 (24) Alibaba(US) 1822800  17011514.000 10.715  Dominance 

45 (16) 
Shanghai Jiao Yun  
Group Co., Ltd. (SH) 

53.3112  601.504 8.863  Horizontal agreement 

46 (25) 
Mitsui O.S.K. Lines, 
Ltd. (Japan) 

3821.11  
47004.020 8.129 

 Horizontal agreement 

47 (24) Alibaba(HK) 1822800  22773794.000 8.004  Dominance 

48 (25) 
Kawasaki Kisen 
Kaisha, Ltd (Japan) 

2398.09  51296.410 4.675  Horizontal agreement 

49 (26) Bull Group (SH) 29481  692821.125 4.255  Vertical agreement 

50 (27) 
Toyota Motor 
Corporation (US) 

8761.3059  236640.609 3.702  Vertical agreement 
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51 (28) Meituan (HK) 344243  13097406.000 2.628  Dominance 

52 (29) 
Wuliangye Yibin Co., 
Ltd.(SZ) 

20200  839555.875 2.406  Vertical agreement 

53 (30) ENN Energy (HK) 681.8534 5.2308 32836.598 2.077 2.092 Dominance 

54 (31) 
Kweichow Moutai 
Co., Ltd. (SH) 

24700  1334887.375 1.850  Vertical agreement 

55 (32) 
Eastman Chemical 
(US) 

2437.8  211706.750 1.151  Dominance 

56 (2) 
Conch Cement— H 
Share (HK) 

10554.123  1117214.500 0.945  Horizontal agreement 

57 (17) 
Lushang Freda  
Pharmaceutical Co., 
Ltd. (SH) 

20  3225.707 
 

0.620  Horizontal agreement 

58 (5) China Gas (HK) 384.1041  148788.406 0.258  Horizontal agreement 

59 (33) 
Shanghai Pharma 
(SH) 

49.56  37970.801 0.131  Horizontal agreement 

60 (33) 
Shanghai Pharma 
(HK) 

49.56  69833.266 0.071  Horizontal agreement 

61 (34) 
Shanghai Pharma 
(SH) 

54.7563  119742.969 0.046  Horizontal agreement 

62 (34) 
Shanghai Pharma 
(HK) 

54.7563  127129.000 0.043  Horizontal agreement 

63 (16) 
COSCO Shipping 
(HK) 

14.47  51613.707 0.028  Horizontal agreement 

64 (15) China Pacific (SH) 19.44  101515.086 0.019  Horizontal agreement 

65 (20) PICC Group (HK) 17.24  173647.531 0.010  Horizontal agreement 

66 (20) 
Ping An Insurance 
(SH) 

0.94  14477.014 0.006  Horizontal agreement 

67 (18) China Life (SH) 9.91  527811.750 0.002  Horizontal agreement 

68 (18) 
Ping An Insurance 
(HK) 

19.01  1113197.125 0.002  Horizontal agreement 

69 (18) China Life (HK) 9.91  1748635.500 0.001  Horizontal agreement 

70 (20) 
Ping An Insurance 
(HK) 

0.94  846338.750 0.000  Horizontal agreement 

Note: The sample contains 70 stocks from 34 cases, three stocks from three cases were excluded due to missing D1–3 data. In two 
cases, the fines were waived by the antitrust authorities when the sanctions were implemented. Event ID is the case identifier 
indicating which case each stock belongs to. In stock names, SH and SZ denote the Shanghai and Shenzhen Stock Exchange 
respectively. The Market value change is negative for a loss and positive for a gain. Ratio A = fine / market value change; Ratio B 
= (fine + Gain from illegal activities confiscated by the SAMR) / market value change. 
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