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Abstract 

This paper presents an empirical test of disputants’ settlement behavior using on-

line copyright notices. The Section 512(c) notice-and-takedown regime provides a 

natural setting to study the signaling aspect of pretrial bargaining. We apply text 

analysis to quantify the attributes of notice as a pretrial signal, and we use the text 

data to evaluate how different factors help to close the information gap and improve 

the settlement rate. The three primary determinants that help settlement are found 

to be text features of the complaints, legal representation, and platform mediation. A 

strong signal is short, easy to read, and more specifc. Legal representation improves 

the credibility of the signal. Platform mediation, on the other hand, adds commitment 

to the signal. Interestingly, how the lawyers draft a notice compromises the positive 

effect of legal representation. Lawyers prefer long sentences, big words, and more 

terminology, whereas an effective notice is much more concise. Most of our empiri-

cal fndings support theoretical predictions, but we also discuss some discrepancies 

between the two. 1 
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1 Introduction 

A large majority of civil cases are settled prior to trial. 2 Understanding why some law-

suits go to trial while many others are resolved out of court is a primary question in law 

and economics. Theoretical models have analyzed how strategic information transmis-

sion would affect the outcomes of pretrial bargaining. The signaling model aka Rein-

ganum and Wilde (1986), in particular, has been a workhorse model in the theory of 

litigation. There are few studies, however, that quantify this information transmission 

behavior in an empirical context. 

This paper provides an empirical test of the disputants’ pretrial signaling behavior. 

The Section 512(c) notice-and-takedown regime, enacted as part of the Digital Millennium 

Copyright Act (DMCA), is a natural setting to study such behavior. Under this regime, 

copyright owners can send takedown notices to online service providers to remove the 

content they believe to be infringing. A notice must include (a) claiming under penalty of 

perjury that the plaintiff owns the copyright to the original work, (b) identifying unautho-

rized and infringing works on the platform, and (c) the plaintiff’s legal demand (remove, 

modify, or go private). Online platforms have a strong incentive to comply otherwise they 

risk losing their safe harbor protection (which shields them from lawsuits). 3 The notice 

and takedown procedure creates a signaling game between the plaintiff and the defen-

dant. For each copyright dispute, the relevant victim issues a notice that can be viewed 

as a settlement offer. The defendant decides either to accept the notice (in which case, she 

complies with the request) or to reject the notice (in which case, she has one opportunity 

to send a counter-notice). The majority of DMCA notices are not subject to the scrutiny of 

a court. As Urban and Quilter (2005) put it, “this was precisely the point behind Section 

512: the effcient removal of infringing materials from the Internet in a fair process, with 

(in most cases) no need for court review”. 

We begin by reviewing the signaling model and extending it to two related insti-

tutional settings-one where the plaintiff can send verifable signals (which we call the 

2Less than 4% of civil cases that are fled in the US state courts go to trial. In the US Federal Courts, 
only about 2% of civil cases go to trial. 

3See Grimmelmann and Zhang (2023) for a discussion on the safe harbor liability rule. 
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disclosure model), and another where a mediator facilitates the settlement (which we call 

the mediated settlement model). The three models correspond to the owner-sent notices, 

the attorney-sent notices, and the GitHub-reviewed notices in our sample respectively. 

By comparing the three models, we derive three sets of hypotheses that set the stage 

for our empirical tests. Our focus is on how different institutional factors help to close 

the information gap and improve the settlement rate. The models show that both legal 

representation and platform mediation increase the settlement rate. Legal representa-

tion uniformly increases the credibility of the signals, whereas platform mediation adds 

commitment and polarizes the signals (i.e., make the strong signals stronger). We also de-

rive hypotheses on the heterogeneous effects of the factors when the winning probability 

changes. 

We collect 4, 684 takedown notices received by GitHub and extract different text fea-

tures from them. The text information falls into four categories: main features, the plat-

form’s action, textual characteristics, and precautionary technology. The main features 

include whether the notice is prepared by an attorney hired by the owner, the number of 

infringing URLs, and the demand of the plaintiff. We also extract GitHub’s annotations 

for the takedown notices. These annotations document instances where GitHub allows 

plaintiffs to make revisions to their notices and permits defendants to make necessary 

adjustments in order to prevent the removal of content. We quantify the signal conveyed 

by the notices by the following textual characteristics. For each notice, we summarize 

the length, readability, specifcity, similarity, and redundancy of the notices’ descriptions on 

ownership and copyrighted work. We frst test whether the text attributes are different 

across legal representation and platform mediation. We then conduct regression analysis 

to see what factors predict the settlement rate. Finally, the notices also report whether 

the plaintiff has adopted precautionary measures such as open-source licenses and anti-

circumvention technologies. We use them as proxies for the winning rate in testing the 

heterogeneous effect of signaling, legal representation, and platform mediation. 

Text matters. We fnd that our measure of text features, especially readability and 

specifcity, is an important determinant of the settlement rate. When the respondent de-

scribes the ownership and the copyrighted work, higher readability improves the settle-

ment rate. Mentioning more specifc named entities, such as the names of companies, 
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organizations, and locations, also enhances the odds of settlement. For both ownership 

and infringement descriptions, overly lengthy answers make the settlement harder. The 

presence of repeated words in the descriptions has minimal impact on the likelihood of 

settlement. In summary, an effective notice involves concise yet informative descriptions, 

emphasizing named entities, and avoiding excessive wordiness. 

Lawyers and owners differ signifcantly in their writing style, demands, and inves-

tigation efforts. In terms of writing style, a lawyer-written notice is signifcantly longer 

and harder to read. Lawyers also include more specifc named entities and use more re-

peated words, perhaps providing additional context for the dispute. Next, lawyers are 

more demanding. They more often demand a complete takedown of the repository in-

stead of allowing the content to go private or giving the defendant a chance to modify it. 

Last but not least, lawyers demonstrate a higher commitment to investigation and legal 

research. They identify more infringing links and the associated URLs than the owners. 

They meticulously review the URLs before GitHub’s inspection. All these indicate a more 

thorough evidence-gathering process. 

Hiring a lawyer helps with the settlement. Consistent with our theoretical predic-

tion, legal representation has a signifcant positive effect on the settlement rate. The virtue 

of legal representation most likely lies in suffcient investigation rather than a distinct 

writing style or demand. This is consistent with our theory that the presence of a lawyer 

helps to increase the credibility of the signal. Lawyers’ writing style, interestingly, might 

hurt settlement. While their notices do provide more useful information, their writing 

tends to be more lengthy and convoluted in readability, both of which actually reduce the 

settlement rate. 

An active role of the platform helps settlement too. In our case, GitHub is, to some 

extent, mediating the copyright disputes between the two parties. The GitHub Trust & 

Safety team reviews the takedown notice to see if it complies with the statutory require-

ments. It will let the plaintiff amend their copyright claims whenever appropriate. The 

team also grants a chance to the defendant to modify the content and avoid removal. 

Consistent with theoretical prediction, platform mediation signifcantly increases the set-

tlement rate. Both of the mediation practices - review and revision - increase the odds of 
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settlement substantially. 

Most of our empirical fndings support theoretical predictions. As predicted by the 

models, legal representation, platform mediation, and lower plaintiff’s demand all in-

crease the settlement rate. The results are robust for different specifcations. The regres-

sion results are consistent with the main fndings of the three pretrial signaling models 

on the settlement rate and on the signaling mechanism. When using open-source licenses 

and anti-circumvention technology as winning rate proxies, our regression analysis pro-

vides mixed evidence for the heterogeneous effects with regard to winning rates predicted 

by the models. 

This paper contributes to the burgeoning literature on pretrial settlement. A large 

fraction of this literature uses game-theoretic models to investigate the litigation and res-

olution of civil disputes. The literature highlights two explanations for why settlement 

fails, resulting in a costly trial. One argues that asymmetric information is a barrier to 

pretrial bargaining (Bebchuk (1984), Reinganum and Wilde (1986), and much of the sub-

sequent literature that builds upon them). The other argues that mutual optimism - that 

is, both parties think they are more likely to win - leads to a bargaining impasse (Priest 

and Klein (1984), Yildiz (2011)). 4 In this paper, we extend the signaling model to predict 

the effects of legal representation and platform mediation. 

The empirical evidence that is needed to provide the foundation for the models 

is, however, in more limited supply. A common approach is to test the predictions of 

different models. Waldfogel (1998) use data describing contracts, torts, and intellectual 

property cases in the Southern District of New York from 1984-1987 to evaluate the in-

formation asymmetry hypothesis versus the mutual optimism hypothesis. Pecorino and 

Van Boening (2018) compares the screening model and the signaling model in a lab ex-

periment setting. Silveira (2017) estimates a structural model of plea bargaining based on 

the screening model. The frst challenge to this approach is that the empirically testable 

implications of the models depend strongly on (often-times) unobservable details of the 

bargaining process, e.g., who has private information, who makes the offer, the number 

of rounds (Spier (2007)). Assumptions on the bargaining process have to be made on 

4See Spier (2007) for an excellent review of the theoretical literature. 
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the sample to ft the model. 5 In our context of notice-and-takedown, the role of the 

sender, the role of the receiver, and the two-step procedure are all statutorily defned. 

The second challenge is that information transmission in the pre-trial stage is not directly 

measured but rather inferred from the settlement offers. This can be problematic because 

the wealth effect of an offer can contaminate the identifcation of the signaling effect. In 

this paper, we quantify the information transmitted in a notice using text analysis tech-

niques. The text-as-data techniques allow us to quantify the attributes of the pretrial sig-

nals and thereby study their credibility and informativeness using the open-ended ques-

tions found in GitHub takedown notices. 6 We apply these methods to extract textual 

features from the takedown notice that refect the plaintiff’s signal and evaluate their in-

fuence on the settlement outcome. Our study cannot solve the two empirical challenges 

entirely but we believe we are making insightful progress. 

Previous literature has investigated different determinants of the settlement rate. 

They found that legal representation (Poppe and Rachlinski (2016)), the type of plaintiff 

(Eisenberg and Farber (1997)), the stakes of the case (Chang and Hubbard (2021)), me-

diation (Klerman and Klerman (2015)), and risk aversion (Viscusi (1988)) all play a role 

in the success of the settlement. 7 The existing literature has also delved into different 

industries, including antitrust (Perloff et al. (1996)), pharmaceutical patent (Ahn et al. 

(2023)), computer patent (Somaya (2003)), product liability (Viscusi (1988)), medical mal-

practice (Danzon and Lillard (1983)), and foreign investment dispute (Vu (2021)). This 

paper makes two primary contributions to this literature. This paper is, to our knowl-

5For example, in Waldfogel (1998), the information asymmetry hypothesis is based on Bebchuk (1984) 
which posits that the case is more likely to settle if the better-informed defendant expects a lower winning 
rate. The prediction will be reversed if the plaintiff is informed or if the defendant makes the offer. 

6Text analysis in legal research just begins to emerge (see Choi (2023)). Our textual measures have been 
used in the feld of accounting to study various attributes of fnancial statements. For instance, Dyer et al. 
(2017) employs measures such as length, readability, and informativeness to capture the characteristics of 
the 10-K flings. See Grimmer et al. (2022) for a general reference for applying text analysis to social science. 

7Literature on the effect of Legal representation is substantial. Poppe and Rachlinski (2016) reviews 
this line of research and suggests that lawyers generally assist litigants in achieving more favorable out-
comes. Similarly, Earnhart and Rousseau (2019) fnds that defendants tend to get better outcomes when 
represented by a lawyer, although the benefts may not always cover the costs. Huang (2008), on the other 
hand, fnds that clients, rather than lawyers, play a more dominant role in deciding whether to settle or 
litigate a case. The low settlement rate in cases where both parties are represented could be attributed to a 
representation selection effect, where parties inclined to litigate are more likely to seek legal representation. 
Literature on the effect of mediation is limited. Klerman and Klerman (2015) fnds that mediation facilitates 
settlement and the mediator’s proposal technique contributes to the facilitation. Parties tend to make larger 
concessions in the early stages of negotiation, especially when a mediator’s proposal is accepted. 
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edge, the frst paper to show that text feature is an important determinant of settlement 

rate. We also show how the text feature interacts with other factors such as legal repre-

sentation and mediation. Second, we investigate the settlement question in the digital 

copyright domain, which is novel to the literature. We show how legal representation 

and mediation are also important in the online dispute context. 

This paper also contributes to the growing literature on content moderation. 8 Ur-

ban and Quilter (2005) presents the frst set of descriptive statistics on the notice and 

takedown process under DMCA Section 512. They found that corporations and business 

entities were the primary senders of the notices, a majority of the notices were sent for 

competition purposes, one-third of the notices were questionable regarding the validity 

of the copyright infringement claim, and few individual users responded with a counter-

notice. 9 The literature begins to have rigorous econometric studies on the impact of 

the notice-and-takedown. Empirical evidence of over-removal is accumulating, indicat-

ing the chilling effects of the policy (see Keller (2015) for a survey). For instance, Penney 

(2019) runs a survey experiment with hypothetical scenarios of receiving a takedown no-

tice. He fnds that respondents broadly reported being less likely to share any content in 

the future and only one-third said they would send a counter-notice or challenge the take-

down they believed was wrong or mistaken. Zhang (2021) leverages the timing of notices 

for an event study and fnds a persistent drop in original contributions following the take-

down of a repository. This paper complements the above literature by conducting a text 

analysis of the notices and investigating the different factors that affect a counter-notice. 

The remainder of the paper proceeds as follows. Section 2 reviews the necessary 

institutional background of the Digital Millenium Copyright Act and the notice-and-

takedown process. Section 3 reviews the signaling model, compares it with two other 

related models, and derives hypotheses for empirical exercise. Section 4 describes the 

GitHub notice data and empirical strategies. Section 5 presents the empirical results. Sec-

tion 6 concludes. 
8See Keller and Leerssen (2020) for surveying information released by platforms and independent re-

search. 
9In a follow-up study, Urban et al. (2017) emphasizes the role of automation in sending complaints, and 

compares how the automated notices differ from the manual notices by small rightsholders. See also ? on 
the questionable validity of many takedown notices, especially those generated by automated systems. 
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2 Institutional Background 

2.1 Digital Millenium Copyright Act 

Copyright law protects literary, scientifc, and artistic works, giving their creators the 

ability to control certain uses of their works. Copyright, in its current shape, is a bundle 

of two major rights: (i) the exclusive right to make copies and distribute them, (ii) the 

exclusive right for further derivative works.10 If a work is under copyright, the copyright 

owner has the exclusive right to make derivative works based on the copyrighted work. 

If someone else makes an unauthorized derivative work, it may infringe the copyright. 

The primary defense for unauthorized use is the doctrine of fair use. A particular use 

may be fair if it only uses a small amount of copyrighted content, uses that content in a 

transformative way, uses it for educational purposes, or some combination of the above. 

Because code naturally lends itself to such uses, each use case is different and must be 

considered separately. 

In 1998, Congress passed the Digital Millennium Copyright Act (DMCA), codifed 

in Section 512, to address copyright issues in the digital age. The Act is designed to pro-

tect the rights of copyright holders, encourage technological innovation, and balance the 

interests of content creators and internet service providers. The DMCA has three innova-

tive pieces of legislation. First, it offers provisions for notice and takedown procedures, 

making it possible for copyright owners to request the removal of infringing content from 

online platforms. Second, it creates a safe harbor provision for internet service providers 

hosting allegedly infringing user-generated content. As long as the online platform fol-

lows the notice-and-takedown rules, it will not be liable for copyright infringement of 

third-party content, providing incentives for platforms to maintain the safe harbor sta-

tus. Third, it also includes anti-circumvention measures, which prohibit the bypassing of 

digital rights management (DRM) and other protective technologies. 

10A “derivative work” is defned as a work based upon one more preexisting works, such as translation, 
musical arrangement, dramatization, fctionalization, motion picture conversion, sound recording, art re-
production, abridgment, condensation, or any other form in which a work may be recast, transformed, or 
adapted. 
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2.2 GitHub and its Copyright Issues 

Founded in 2008, GitHub is an online platform hosting open-source software. GitHub 

provides a bundle of collaborative tools built on top of the Git version control system, 

making it very popular among software developers. Git allows the developers to collab-

orate on the same project at the same time, access previous versions of the project, and 

merge individual contributions into the code base. To launch a project on GitHub, de-

velopers create a repository (referred to as a repo). This code warehouse comprises all 

fles related to the project, including source code, project fles, resource fles, and con-

fguration information. The leading developer initiates and tracks the development of 

the repository, allowing other fellow developers to contribute improvements to the code 

within the repository. As of January 2023, GitHub had over 100 million developers and 

hosted more than 372 million repositories, with at least 28 million of them being public. 

It is the largest source code hosting platform. 

Copyright issues arise on GitHub when the codes or other contents in a user’s repos-

itory infringe on someone else’s intellectual property rights. The GitHub team handles 

copyright infringement in accordance with the DMCA. If copyright owners believe that 

their intellectual property rights have been infringed on GitHub, they can submit a take-

down notice to GitHub. This notice includes information about the infringing content, 

the rights being infringed, and contact information for the copyright owner. The copy-

right owners are not necessary users of GitHub. For instance, if a company fnds its 

unauthorized codes appear in fles under some repositories of GitHub users, its employ-

ees engaged in legal affairs may submit a takedown notice to require GitHub to remove 

those codes. 

2.3 Notice and Takedown 

The DMCA provides a notice-and-takedown process for complaints about copyright in-

fringement and the process consists of two parts: (i) a takedown-notice procedure for 

copyright holders to request that content be removed; and (ii) a counter-notice procedure 

for users to get content reenabled when content is taken down by mistake or misidentif-
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cation. 

Section 512(c) creates the notice-and-takedown regime. To receive safe harbor, host-

ing services and search engines are required by 512(c) to respond “expeditiously” to no-

tices of copyright infringement. For instance, Section 512(c)(1)(C) removes the platform’s 

safe harbor protection if it receives a “notifcation of claimed infringement” and fails to 

remove it. Section 512(c) applies to hosted content and requires the online platforms to 

establish and maintain a structured process as discussed below. 

In GitHub, DMCA takedown notices are frequently used by copyright owners to ask 

GitHub to take down content they believe to be infringing. Upon an initial investigation, 

the plaintiff prepares and sends a takedown notice to GitHub. Assuming the takedown 

notice meets the minimum requirements of the DMCA, GitHub will post the notice to its 

public repository and pass the complaint along to the affected user. 11 GitHub will disable 

access to the defendant user’s content if: (i) the copyright owner has alleged copyright 

over the user’s entire repository or package; (ii) the user has not made any changes af-

ter being given an opportunity to do so; or (iii) the copyright owner has renewed their 

takedown notice after the user had a chance to make changes. 

Section 512(g) outlines the counter-notifcation procedure. If a user believes their 

content was wrongly removed due to a DMCA takedown notice, they can fle a counter-

notifcation to have it restored. Some statutory requirements for a counter-notice include 

the user’s contact information, a statement of good faith belief that the material was re-

moved or disabled as a result of mistake or misidentifcation, and consent to jurisdiction 

in a U.S. district court. Once the service provider receives a valid counter-notice, it must 

promptly inform the copyright complainant that it will put back the material unless the 

complainant fles a court action. Unless a copyright owner chooses not to seek judicial 

remedy following receipt of the counter-notifcation, a takedown target must be prepared 

to defend the challenged use in a Federal District Court. 

In GitHub, counter notices can be used to dispute a takedown notice. If a user 

11The minimum requirements include (a) identifying copyrighted works that are allegedly being in-
fringed, (b) claiming under penalty of perjury that the plaintiff owns the copyright to the original work, (c) 
that the content on GitHub is unauthorized and infringing. GitHub exercises little discretion in the process, 
and it is up to the parties (and their lawyers) to evaluate the merit of their claims. 
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believes that her content was disabled as a result of a mistake or misidentifcation, she 

may respond with a counter notice. GitHub will post it to its public repository and pass 

the counter notice back to the copyright owner. If a copyright owner wishes to keep the 

content disabled after receiving a counter notice, he will need to initiate a legal action 

seeking a court order to restrain the user from engaging in infringing activity relating 

to the content on GitHub. If the copyright owner does not give GitHub notice within 

10-14 days, by sending a copy of a valid legal complaint fled in a court of competent 

jurisdiction, GitHub will re-enable the disabled content. 

Protections for the target of the notice (the alleged infringer) are relatively few, and 

judicial protection is not available unless three things occur: the target elects to submit 

a counter notice; the complainant then fles suit; and a court reviews the issue. How-

ever, the statute provides encouragement to online platforms to replace wrongfully or 

mistakenly targeted material. An online service provider might be subject to some tort 

or contractual liability for a wrongful takedown of content. GitHub has been active in 

doing simple screening of fraudulent notices. GitHub frequently contacts the defendants 

to give them a chance to make their software compliant. GitHub sometimes also checks 

the validity of the notices. 12 

The vast majority of DMCA notices likely are never subject to the scrutiny of a court. 

As Urban and Quilter (2005) put it, “this was precisely the point behind Section 512: the 

effcient removal of infringing materials from the Internet in a fair process, with (in most 

cases) no need for court review”. 

3 Model and Theoretical Predictions 

In this section, we consider and compare three related models of pretrial settlement: the 

signaling model, the disclosure model, and the mediated settlement model. Legal rep-

resentation and platform mediation are two primary institutional factors in our setting 

12Not every online service provider does that. In practice, platforms limit their liability with their terms 
of service. Although the statute seeks to encourage putback by providing a safe harbor against liability for 
wrongful takedown, the platforms’ service contracts limit most legal or fnancial incentives for doing so. 
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that help to close the information gap. We start with a brief review of the signaling 

model aka Reinganum and Wilde (1986). Informed readers may skip the subsection at 

no cost. The signaling model resembles the owner-sent notices in our sample. We then 

incorporate costly disclosure to the signaling model. The disclosure model resembles the 

attorney-sent notices in our sample. We show that legal representation increases the set-

tlement rate by increasing the credibility of the signals. Lastly, we incorporate a mediator 

to the signaling model. The mediator model resembles the GitHub-reviewed notices in 

our sample. We show that platform mediation increases the settlement rate by polarizing 

the signals. 

We derive three sets of hypotheses from analyzing the models, which sets the stage 

for our empirical tests. Collectively, these theoretical predictions guide our empirical ex-

ercise in Section 5 where we use different characteristics of the plaintiff’s notice to predict 

the likelihood of receiving a rejection (counter-notice) from the defendant. 

3.1 Benchmark Model 

There is a plaintiff and a defendant. The plaintiff and the defendant fght for the property 

right of a good valued at v. In the event of a trial, there is a probability π P [π, 1] that the 

plaintiff will prevail and obtain the property right. With probability 1 ́  π, the defendant 

prevails and obtains the property right instead. Regardless of the outcome, the litigation 

would impose legal costs cp for the plaintiff and cd for the defendant. 

Settlement negotiations are conducted against the outside option of the litigation. 

The plaintiff and the defendant have different beliefs regarding π. Suppose the plaintiff 

believes the winning probability at trial to be πp while the defendant believes it to be 

πd. These divergent beliefs may arise because the two litigants receive different signals 

of the true state, and may be infuenced by their different backgrounds and experiences. 

Let S be the plaintiff’s demanded settlement. The two parties will settle the dispute if 

S ě πpv ́  cp and v ́  S ě (1 ́  πd)v ́  cd. Rearranging terms gives us the settlement zone, 
cp+cdS P [πpv ´ cp, πdv + cd]. The settlement condition will be met if πp ´ πd ď whenv 

the gap in beliefs is capped by the cost-value ratio of the litigation. In what follows, we 
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present theoretical predictions from three institutional arrangements: unverifable signal-

ing, costly disclosure, and mediation. All three have different implications for the belief 

gap πp ´ πd and change the settlement rate. 

3.2 Signaling Model: A Review of Reinganum and Wilde (1986) 

Nature randomly selects a state π P π according to some non-degenerate commonly 

known distribution F(π), and reveals it to the plaintiff only. The informed plaintiff makes 

a take-it-or-leave-it offer S, which will signal his private information π. The uninformed 

defendant will then form a Bayesian belief regarding the plaintiff’s type and decide how 

to respond to the offer. Reinganum and Wilde (1986) characterize a fully-separating equi-

librium of this game where the plaintiff’s demand perfectly reveals his type and the de-

fendant mixes between accepting and rejecting the offer. 

Let S(π) be the plaintiff’s demanded settlement given his type π. For such a mixed 

strategy to work, the defendant must be indifferent between accepting and rejecting the 

request such that (1 ́  π)v ´ cd = v ´ S(π). This implies that the plaintiff’s equilibrium 

demand would be 

S(π) = πv + cd, (1) 

which gives the defendant exactly the same payoff that she would get from litigation. 

Let σ(S) be the probability that the defendant accepts the offer S. Given the ac-

ceptance probability σ(S), the plaintiff will make an offer that maximizes his expected 

payoffs σ(S)S + (1 ´ σ(S))(πv ´ cp). Combining the frst-order condition of S with (1), 
σ1(S) 1we get = ´ , which equalizes the hazard rate with the inverse of the rent dissi-
σ(S) cp+cd ́ v 

pation. This is a frst-order linear ordinary differential equation. Solving this differential 
cp+cd ́ vequation with the boundary condition σ(S) = 0, we obtain σ(S) = e 1´ s 

. Notice 

that the probability of settlement σ(S) is decreasing in the demand S. In equilibrium, 

higher-type plaintiffs must have their demanded offers rejected more frequently in order 

to discourage lower-types from bluffng. There is a one-to-one mapping between the type 
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and the equilibrium acceptance 

´π/(cp+cd ́ v)σ(π) = e (2) 

such that the offer is fully revealing. Also note that the settlement rate is always less than 

1 for any type. This happens because of asymmetric information and the non-verifability 

of the signals. 

Identifying the signaling effect, however, is an empirical challenge. There are two 

competing effects of a higher offer: on the one hand, higher demand signals a higher 

probability for the plaintiff (defendant) to prevail (lose) in court, and thus shall increase 

the settlement rate. We call this the “signaling effect”. On the other hand, higher demand 

decreases the defendant’s payoff in settlement, and thus shall decrease the settlement 

rate. We call this the “wealth effect”. The wealth effect dominates the signaling effect in 

Reinganum and Wilde (1986), and that is why rejection probability σ(S) is increasing in 

the demand S. An empirical exercise aiming to identify the signaling effect of pretrial 

offers must shut down the wealth effect. 

The signaling model described above closely resembles the notice and counter-notice 

procedure in GitHub. The property right in this case is the copyright of a software. The 

copyright owner - the plaintiff - frst fles a complaint against a disputed software, af-

ter which the developer of the software - the defendant - has the opportunity to make 

a counter-notice to rebut the complaint. The notice is a settlement offer that signals the 

plaintiff’s estimate of the legal case. A counter-notice is a rejection by the defendant. The 

law requires the notice and counter-notice procedure before the case can proceed to court. 

The goal of the law is to foster effcient bargaining between the two parties outside the 

court. The process can thus be viewed as a simple form of settlement negotiation. 

Comparative statics exercises of the equilibrium acceptance rate with respect to S 

and π give us the following hypotheses. 

Hypothesis 1 (Signaling). 

Hypothesis 1a. The more demanding the plaintiff is, the lower the settlement rate is. 

Hypothesis 1b. The settlement rate is higher if the plaintiff’s winning probability is lower. 
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3.3 Incorporating Costly Disclosure in the Signaling Model 

Not all notices are sent by owners themselves. In fact, more than half of the notices in 

our sample are sent by legal representatives. Attorneys are costly but they also possess 

legal expertise that can help the case. In particular, they can produce tangible evidence 

that proves the strength of the case and show it in court. In this section, we add costly 

disclosure to the signaling model to predict the effects of legal representation. 13 

The informed plaintiff decides whether to show the evidence e P E to the defendant 

before making an offer. The evidence fully reveals π and is only obtainable after paying a 

cost ce ą 0 (we assume ce ă cp + cd). If the plaintiff is silent, the game is the same as above 

in which the defendant decides whether to accept the offer. If the plaintiff reveals the 

evidence, the defendant decides whether to accept or reject after observing the evidence. 

At the fnal stage, the defendant will accept the plaintiff’s demand S if v ́  S ě (1 ́  

πd)v ́  cd, or S ď πdv + cd. If a plaintiff reveals π, the defendant’s belief becomes πd = π, 

the maximum demand the defendant will accept is S(π) = πv + cd, and the plaintiff’s 

payoff from disclosure is πv + cd ´ ce. If instead the plaintiff is silent, the plaintiff can 
Ŝ´cd+ceonly ask for a single settlement Ŝ. Silence is optimal if Ŝ ě πv + cd ´ ce, or π ď .v 

Ŝ´cd+ceThe set of silent plaintiffs is thus [π, ].v 

The plaintiff will choose Ŝ to maximize his expected payoffs: 

ż Ŝ´cd+ce 
ż 1 

max 
v 

SdF(π) + ˆ [S(π) ́  ce]dF(π)
Ŝ´cd+ceŜ π v 

where the frst term is the expected payoff from settlement and the second is that of the 

trial. The optimality condition of Ŝ gives us 

Ŝ ´ cd + ce Ŝ ´ cd + ceF( ) = (cd ´ 2ce) f ( ). 
v v 

The left hand is the marginal cost of raising the demand due to asking less to those de-

13Shavell (1989) considers a screening game where the informed plaintiff can disclose verifable infor-
mation at no cost before the uninformed defendant makes the offer. Farmer and Pecorino (2005) study how 
costly discovery affects the bargaining outcome in the signaling and the screening models. 
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fendants already willing to settle. The right hand side is the marginal beneft due to 
Ŝ´cd+ceinducing, at the margin, f ( ) more defendants to settle, thereby earning cd ´ 2cev 

per defendant. 

In this model, all plaintiffs settle. In the extreme case when ce = 0, complete un-

raveling will happen. The plaintiff with the strongest case would reveal it and demand 

S = πv + cd which would be accepted with probability one. The plaintiff with the second 

strongest case would do the same and his demand would be accepted as well. In the end, 

all plaintiffs but the lowest type are led to reveal their type and all would settle with the 

defendants for S(π). In the general case where ce ą 0, the plaintiffs still never go to trial 

even though some of the plaintiffs may choose to remain silent. If the plaintiff chooses to 

disclose π, he would settle for S(π); otherwise, he would settle for Ŝ. 

Comparing the disclosure model with the signaling model, we have the following 

three hypotheses. 

Hypothesis 2 (Legal Representation). 

Hypothesis 2a. Legal representation increases the credibility of the signals. 

Hypothesis 2b. Legal representation leads to a higher settlement rate. 

Hypothesis 2c. The positive effect of legal representation on the settlement rate is larger if the 

plaintiff’s winning probability is higher. 

3.4 Incorporating Mediator in the Signaling Model 

GitHub is taking an increasingly active role in the notice-and-takedown process. GitHub 

frequently contacts the defendants to give them a chance to make their software compli-

ant. GitHub sometimes also checks the validity of the notices. In the dispute resolution 

framework, GitHub is mediating the disputes between the two parties on the software it 

hosts. In this section, we add a mediator to the signaling model to predict the effects of 

platform mediation. 

There is a plaintiff, a defendant, and a mediator. The mediator commits to a me-

diation plan. The plaintiff frst privately reports a type π̂ P [π, 1] to the mediator. The 
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mediator then either recommends a proposal S or terminates the process. The mediator’s 

action is publicly observed. Mediation is successful if both parties agree to the proposal. 

Otherwise, they proceed to the trial. Formally, a mediation plan is a tuple tσ(π̂ ), S(π̂ )u 

where σ(π̂ ) is the probability of reaching an agreement, and S(π̂ ) is the recommended 

settlement.14 

A mediation plan is effcient if it maximizes the ex-ante total payoffs, i.e., E[up + 

ud] subject to the plaintiff’s and defendant’s incentive compatibility and participation 

constraints. In this simple model, effciency is equivalent to maximizing the settlement 

rate. 

Defne Up(π, π̂ ) and Ud(π, π̂ ) as the expected payoff of the plaintiff and the defen-

dant respectively. They are 

Up(π, π̂ ) = σ(π̂ )S(π̂ ) + (1 ́  σ(π̂ ))(πv ́  cp) 

Ud(π, π̂ ) = ´σ(π̂ )S(π̂ ) ́  (1 ́  σ(π̂ ))(πv + cd). 

If the two parties settle with probability σ(π̂ ), the settlement is S(π̂ ). Since mediation is 

self-enforcing, the harshest punishment is to ask the two parties to proceed to trial if they 

fail to settle. 

The effcient mediation plan determines tσ(π), S(π)u to maximize the total payoffs: 

ż 1 
max 

σ(π),S(π) 

ÿ

Ui(π)dF(π) 
π i 

(3) 

s.t. Up(π, π) ě π ´ cp, @π (IR-P) 

Ud(π, π) ě ´Eµ [π|S] ́  cd, @π (IR-D) 

Up(π, π) ě Up(π, π̂), @π, π̂ (IC) 

where the frst set of constraints is individual rationality for the plaintiff, the second set 

of constraints is individual rationality for the defendant, and the last set of constraints is 

incentive compatibility for truth-telling. 

14By the revelation principle, we can restrict our attention to direct mechanism w.l.o.g. where the report 
is a type and the message is a settlement. 
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Myerson (1981) establishes the necessary and suffcient conditions for a direct mech-

anism to be incentive compatible. Applying Myerson’s lemma to the (IC) constraint, we 

know that a mediation plan is incentive compatible, if and only if the following two 

conditions hold: (i) σ(π) is non-increasing in π, and (ii) for any π P [π, 1], Up(π) = 
şπ 

π [1 ́  σ(π̃ )]dπ̃ + Up(π). The frst condition ensures the weak monotonicity of the func-

tion σ(π) such that a higher type is always rewarded with a weakly higher probability 

of reaching an agreement. The second condition shows that the expected payoff of dif-

ferent types of the plaintiff is pinned down by the settlement probability σ(π) and by 

the expected payoff of the lowest type of the plaintiff Up(π). Any two indirect mecha-

nisms, which give rise to the same function σ(π) and Up(π) once the plaintiff optimizes, 

therefore imply the same expected payoff for all types of the plaintiff. 

Rewrite the objective of the mediation problem as follows: 

ż 1 
min (cp + cd) [1 ́  σ(π)]dF(π)
σ(π) π 

s.t. (i), (ii), (IR-P), (IR-D) 

Observe that this is a linear programming problem in the σ(π) functional space. We 

can then apply the extreme point theorem and simplify the mediation problem further. 
15 Instead of considering all weakly monotone functions, it is suffcient to restrict our 

attention to the set of extreme points which requires σ(π) P t0, 1u for all π. And an 

extreme point is monotone if and only if it is a step function. There exists a threshold type 

π˚ such that 
$ 
& 

σ(π) = 
% 

1 

0 

if π ď π˚ , 

if π ą π˚ . 
(4) 

The mediator always recommends an agreement for reports below π˚ , and always rec-

15The extreme point theorem states that a function σ that is an extreme point and that maximizes the 
total payoffs among all extreme points also maximizes the total payoffs among all functions. 
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ommends the outside option for reports above π˚ . It follows that 

Up(π) = 

$

& 

% 

Up(π) if π ď π˚ , 

π ´ π˚ + Up(π) if π ą π˚ . 

By defnition, this implies S(π) = S(π) = π˚v ́  cp for π P [0, π˚]. Therefore, 

S(π) = 

$

& 

% 

π˚v ́  cp if π ď π˚ , 

πv ́  cp if π ą π˚ . 
(5) 

It is straightforward to check that this satisfes (IR-P), i.e., S(π) ě πv ´ cp for π P [0, π˚] 

and πv ´ cp ě πv ´ cp for π P (π˚, 1]. (IR-D) requires whenever π P [0, π˚], S(π) ď 

E[π|π ď π˚] + cd. That is, for a π˚ to be feasible, it has to satisfy 

cp + cd
π˚ 

´ E[π|π ď π˚] ď . (6)
v 

Notice that so long as cp + cd ą 0, such a π˚ always exist. As either cp or cd becomes 

larger, this set possibly grows larger. 16 

Comparing the mediated settlement model with the signaling model, we have the 

following three hypotheses. 

Hypothesis 3 (Platform Mediation). 

Hypothesis 3a. Platform mediation adds commitment to the signals. 

Hypothesis 3b. Platform mediation leads to a higher settlement rate. 

Hypothesis 3c. The positive effect of platform mediation is unchanged if the plaintiff’s winning 

probability is higher. 
16In general, there could be multiple π˚ satisfying this condition. To have a unique π˚ , we need π1 ´ 

E[π|π ď π1] to be a monotone increasing function of π1 . As shown by Burdett (1996), the necessary and 
şπsuffcient condition would be a restriction on µ0(π) such that 
´8 F(x)dx is log-concave. This can be 

satisfed if the distribution F(π) is log-concave (but not necessarily). Several well-known distributions are 
log-concave, e.g., uniform, normal, and exponential distributions. 
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4 Data Description and Empirical Strategy 

4.1 Data Description 

We apply text analysis to examine the takedown notices and counter-notices received by 

GitHub. The primary objective is to gain a deeper understanding of the textual content 

and context surrounding these notices, uncovering any latent attributes. Copyright hold-

ers should submit GitHub’s takedown notice by flling in a copyright claim form. This 

form functions as a questionnaire with some mandatory questions. GitHub publicly posts 

all takedown notices received, from 2011 to the present, after removing private informa-

tion and unavailable URLs in some takedown notices. 

To send a takedown notice, the plaintiffs should fll out a copyright claim contact 

form to answer the questions listed by GitHub. We collect 4,684 takedown notices re-

ceived between March 2021 and August 2023, with 67 of them receiving counter notices. 

We put the monthly counts of takedown notices and counter notices in Figure 1. Within 

GitHub’s copyright claims form, nine questions are relevant to our research objectives 

(see Table 1). We exclude questions related to contact information and focus on the re-

maining nine questions and their corresponding answers. We extract features from both 

the questions and anatomies, categorizing them into four categories: main features, tex-

tual characteristics, the plaintiff’s precautions, and the intermediary’s actions. Variables 

and their values under each category are in Tables 2. Table 3 contains the summary statis-

tics of owner respondents, attorney respondents, and all respondents. Table 4 records the 

information on the dummy variables. 

The frst question on the copyright claims form inquires whether the submitter is 

the copyright holder or authorized to act on their behalf, such as an attorney. Among our 

observations, 55% of the plaintiffs are legal professionals or third-party representatives 

to represent the copyright holder and 45% of them are the copyright holder themselves. 

The dummy variable “Legal representative” equals 1 if the notice submitter is an attor-

ney. This is consistent with Urban et al. (2017) which fnds a growing trend of profes-

sionalization when it comes to infringement searches. Copyright holders are increasingly 
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turning to third-party rights enforcement organizations (REOs) to locate infringing repos-

itories and issue takedown notices. Our dataset reveals that a signifcant 55% of copyright 

holders opt to engage attorneys to assert their copyright claims. There are noticeable dif-

ferences between takedown notices drafted by individual claimants and those made by 

REOs. 

GitHub allows the authors to revise their takedown notices if their answers do 

not meet the platform’s requirements. If plaintiffs modifed and re-submitted their no-

tices, they should report that in Question 2 and the variable “GitHub revision” equals 1. 

Only 9.48% of the takedown notices were revised ones. Question 2 refers to a mediation 

method facilitated by GitHub. 

Questions 3 and 4 are open-ended. Question 3 requires descriptions of the owner-

ship of the copyrighted work or the authorization to act on the copyright owner’s behalf. 

Owners should reveal their identities and describe their ownership, while lawyers should 

provide the lawyer-client relationship. Question 4 asks the respondents to describe the 

original copyrighted work. We extract fve textual features from the answers to these 

questions: length, readability, specifcity, similarity, and redundancy. 

Firstly, we count the clean words in an answer to represent the length. Clean words 

refer to expressions that do not include stop words, punctuation, or URLs. On average, 

the length of responses to Question 3 is 20.48 words and that of Question 4 is 25.58 words. 

Secondly, we employ the fog index to estimate the textual answers’ readability of 

Question 3. The fog index is the weighted average of sentence length and complex word 

usage. Responses to question 3 exhibit an average fog index of approximately 13.8, sug-

gesting a person with a 13th or 14th-grade education level can understand the answers. 

Thirdly, We calculate Named Entity Recognition occurrences within the text to rep-

resent the specifcity. NER identifes the specifc mentions of named entities such as com-

pany names, organization names, locations, and more. On average, each answer contains 

around 2.2 entities. We use the same way to analyze the answers to Question 4. Question 

4 requires a comprehensive description of the original copyrighted work allegedly sub-

ject to infringement. Responses have an average fog index of 13.13 and an average word 
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count of 25.58, along with a NER occurrence of 2.66. 

Fourthly, we apply Term Frequency-Inverse Document Frequency (TF-IDF) and co-

sine similarity to measure the resemblance between answers to the open-ended questions. 

TF-IDF measures the importance of a term (word or n-gram) within a document relative 

to a collection of documents. In our context, each answer is regarded as a separate docu-

ment. An n-gram is a contiguous sequence of n words. For instance, ”submit a takedown 

notice” is a 4-gram. TF-IDF measures two components, Term Frequency (TF) and Inverse 

Document Frequency (IDF). TF measures how frequently a term appears within a specifc 

document. A higher term frequency indicates that the term is important within the doc-

ument. IDF measures the rarity of a term across the entire corpus. A term that appears 

in many documents will have a lower IDF score, while a term that appears in only a few 

documents will have a higher IDF score. TF-IDF helps identify keywords and important 

terms that might be overshadowed by common words when using TF alone. We compute 

TF-IDF of 4-grams in the answers. Cosine similarity is then used to calculate the distance 

between these TF-IDF-weighted vectors, providing a measure of similarity between doc-

uments. A higher value of cosine similarity indicates a greater similarity between two 

documents. 

Lastly, we calculate the word redundancy, the number of the same words that are 

used in answers to both Question 3 and Question 4, within identical takedown notices. 

In total, we summarize seven variables about these two questions. 

Question 5 asks claimants to provide URLs of the allegedly infringing fles or reposi-

tories. Plaintiffs submit 5.72 URLs on average. Notably, the alleged infringing repositories 

may have forks and plaintiffs can report URLs of forks in Question 7. The average num-

ber of the reported forks is 3.48. The distributions of URL and fork numbers are uneven. 

For instance, the 95th percentile of the URL count is 17, but the largest value is 1, 418. 

Questions 6 and 8 explore the technological precautions taken by the copyright hold-

ers. Question 6 asks the plaintiffs if the repository has Anti-Circumvention Technology 

to safeguard copyrighted content and approximately 15.56% of them assert its usage. Be-

sides, according to the answers to Question 8, only 4.42% of infringed works hold an 

open-source license that governs usage, modifcation, and sharing. fall under such li-
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censes. If the alleged infringing code violates the terms of the open-source license, the 

copyright holder has legal grounds to request its removal. Additionally, if the work is 

protected by effective anti-circumvention measures, it may be more challenging for in-

fringers to bypass these measures, making it easier for the plaintiff to demonstrate a clear 

case of infringement. Therefore, these two variables serve as proxies for the winning rate, 

and having these measures indicates a higher probability of winning. 

The fnal one, Question 9, asks for the preferred solution for alleged infringement. 

In our sample, 83.45% of plaintiffs have sent a strong signal by demanding GitHub delete 

the allegedly infringing contents rather than just making them private. If the plaintiff is 

resolute to delete the infringing content, the value of variable “Demand” is one, otherwise 

zero. 

GitHub also provides annotations to help readers better understand how they pro-

cessed the notice, referred to as anatomies. We consider two anatomies in this paper 

and represent them by dummy variables “Chance to change” and “GitHub verifcation”. 

Anatomy 1 records the scenario that the takedown notice either did not claim that the 

entire reported repository is infringing the copyrighted work, or the copyright holder 

suggested modifcations to resolve the alleged infringement rather than directly taking it 

down. GitHub will contact the users of that reported repository and give them approx-

imately one business day to delete or modify the content. In 52.33% of the cases, the 

defendants obtained this opportunity. When a takedown notice alleges more than one 

repository or fle is infringing the copyrighted work and GitHub determines that some of 

the reported repositories or fles are innocent, the platform uses Anatomy 2 to annotate 

this case. The percentage of this case is only 8.16%. These two variables are methods of 

platform mediation. 

4.2 Empirical Strategy 

Our main specifcation is to test the effects of different characteristics of a takedown no-

tice on the settlement rate. Our outcome variable is “settled”, which indicates whether the 

case is privately settled or might proceed to trial. In our case, “settled” is equal to 1 if no 
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counter-notice is received, and 0 otherwise. We use three alternative regression models: 

logistic regression, probit regression, and complementary log-log (cloglog) regression. 

A positive coeffcient associated with an independent variable in the logistic and probit 

models indicates a propensity for that feature to increase the settlement rate. In logistic 

regression, a one-unit change in a predictor changes the dependent variable’s log odds 

by its coeffcient value when keeping other variables constant. The coeffcients in a pro-

bit model represent the change in the z-scores, or standard deviations, of the dependent 

variable for a one-unit change in the predictor, holding all other variables constant. 

In our dataset, a trial is a rare event: there are 67 counter-notices among the 4, 684 

takedown cases, and therefore, only 1.43% of the takedown notices prompted a counter-

notice. This leads to an imbalance issue in the sample, which occurs if the distribution of 

the dependent variable is heavily skewed towards one of the outcomes. The imbalance 

of the outcome variable can be challenging for estimation because the logistic and probit 

regressions might not be robust to rare events. 

To address the robustness of our results, we employ two statistical techniques: the 

cloglog regression and resampling. The asymmetric transformation of the probability in 

the cloglog model (Cox, 1972; McCullagh, 1980) assigns more weight to the tails of the 

probability distribution, so it focuses on modeling the probabilities associated with rare 

events. Cloglog helps to address the issue of unbalanced data. When conducting the 

cloglog regression, we interchange the values of 0 and 1 for the dependent variable since 

Y = 1 represents the minority in this model. The coeffcients indicate the extent to which 

a one-unit change in the predictor infuences the change in the cloglog transformation of 

the probability of a takedown notice being countered. 17 A negative coeffcient implies 

that the associated variable reduces the likelihood of a counter-notice. 

To fx the imbalance issue and a potential bias towards the majority class, we also 

re-sample the observations by applying the Synthetic Minority Over-sampling Technique 

(SMOTE) proposed by Chawla et al. (2002). The SMOTE algorithm fnds the neighbors in 

the feature space of the minority class and creates new instances based on the properties 

of those minority samples, the takedown notices that received a counter-notice in our 

17The complementary log-log transformation function is defned as cloglog(p) = log(´log(1 ́  p)). 
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case. We begin by employing SMOTE to extend the number of samples in the minority 

class to reach half the number of the majority class. 

5 Empirical Results 

In this section, we present our empirical results on the determinants of pretrial settlement. 

Three factors show prominence in facilitating settlement: text features of the notices, le-

gal representation, and platform mediation. We dig into the mechanisms and possible 

heterogeneous effects. 

Our statistical tests and regression analysis support the main predictions of the three 

signaling models. Legal representation, platform mediation, and lower demand are all 

found to increase the settlement rate. This is consistent with the three hypotheses on the 

settlement rate - Hypotheses 1a, 2b, and 3b. We also fnd suggestive evidence for the two 

hypotheses on how institutional factors change the signals - Hypotheses 2a and 3a. The 

results for the heterogeneous effect with regard to winning rates are mixed. Hypothesis 

3c in the mediated settlement is supported, while the evidence for Hypotheses 1b and 2c 

is mixed. Part of the reason is that we do not have an indisputable measure of winning 

rates because of data limitations. 

5.1 Baseline and Text Features 

5.1.1 Baseline Features 

In the baseline model, we regress the outcome variable on three fundamental features of a 

notice - who writes the notice (the owner or the attorney), the number of infringing URLs 

reported, and the demand of the plaintiff. 

Settledi =β1Legal representativei + β2 In f ringing URL counti + β3Demandi + εi (7) 
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The regression results are reported in Table 5. In Column (1), legal representation leads 

to an approximately 2.99 times increase in the settlement rate. Likewise, the z-score asso-

ciated with the settlement rate rises by 0.43 standard deviation as shown in Columns (2). 

Column (3) shows that the log-transformed hazard of being countered decreases by 1.09. 

The results support Hypothesis 2b, which suggests that hiring an experienced copyright 

lawyer contributes signifcantly to the plaintiff’s ability to settle the dispute. The effect 

of locating more infringing URLs, though, is not statistically signifcant. This suggests 

that identifying more fles or repositories as infringing does not contribute signifcantly 

to dispute resolution. In terms of the respondent’s demand, requesting a removal of the 

allegedly infringing work, instead of making it private, signifcantly reduces the odds of 

settlement by 54.51%. Columns (2) and (3) indicate a 0.31 standard deviation decrease in 

the z-score of the settlement probability and a 0.78 increase in the log-transformed hazard 

of being countered are associated with a demand of removal. Hence, the empirical re-

sults provide support for Hypothesis 1a, which postulates that the more demanding the 

plaintiff is, the lower the settlement rate becomes. Table 6 displays the regression results 

with a re-sampling of minority observations. The signs and signifcance of the three vari-

ables remain consistent before and after re-sampling. This confrms the robustness of our 

fndings. 

5.1.2 Precautionary Technology and Licensing as Winning Rate Proxy 

In our sample, a fraction of copyright holders adopt anti-circumvention technologies and 

open-source licenses as protective measures for their works. DMCA strictly prohibits the 

circumvention of technical measures that control access to copyrighted works. Hence, 

having anti-circumvention in place will greatly increase the plaintiff’s chance to prevail 

in court. In contrast, having an open-source license will put the plaintiff at a disadvan-

tage because many defense strategies are available such as fair use and public domain. 

Therefore, an open-source license lowers the winning rate. In what follows, we use these 

two measures as proxies for the winning rate. To test Hypothesis 1b, we run regression 8 
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to check whether the settlement rate changes with the winning rate. 

Settledi = β1 Anti circumventioni + β2Licensei + β3Xi + ϵi (8) 

The coeffcients on both variables are signifcantly positive after re-sampling in Table 8. 

The presence of an open-source license effectively doubles the odds of settlement, elevat-

ing the z-score by 0.72 standard deviations, and reducing the log-transformed hazard of 

encountering a counter notice by 0.96. Figure 6 illustrates the robustness of coeffcient 

values as the re-sampling size increases. This supports Hypothesis 1b which predicts that 

the settlement rate is higher when the plaintiff has a lower winning probability. An open-

source license not only contributes more content to the public domain, in this case also 

becomes a focal point enabling the two parties to settle. 

However, when the copyright holder has adopted anti-circumvention measures, set-

tlement odds increase by a remarkable factor of 6.8, accompanied by a rise of 1.18 stan-

dard deviations in the z-score. The log-transformed hazard of being countered declines 

by 1.76. This contradicts Hypothesis 1b as a higher winning rate increases the settlement 

rate. Overall, the regression analysis provides mixed evidence on Hypothesis 1b of the 

signaling model. 

5.1.3 Textual Features as a Determinant of Settlement Rate 

We use equation 9 to check the effects of the readability, specifcity, length, and redun-

dancy of the answers to Questions 3 and 4 on the settlement rate and record the results in 

Table 9. Xi represents the three baseline variables in the previous section. 

Settledi =β1Ownership f ogi + β2Ownership NERi + β3Ownership wordi 

+ β4 In f ringement f ogi + β5 In f ringement NERi + β6 In f ringement wordi 

+ β7Redundancyi + β8Xi + εi (9) 

The coeffcients associated with textual features of the answer to Question 3, the owner-

ship or authorization description, are presented in Columns (1) to (3) of Table 9. Although 
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in all three regressions, we observe a close-to-zero and insignifcant coeffcient for the fog 

index, those coeffcients become signifcant and have larger magnitudes in Table 10 after 

re-sampling. Balanced samples indicate that when the response requires an additional 

year to understand, the log odds of settlement decrease by 0.03. Lower readability weak-

ens the signal and adversely affects the settlement rate. 

Both unbalanced and re-sampled datasets confrm the signifcance of specifcity and 

length. When the author mentions one additional entity, we see an 11.82% increase in the 

odds of settlement, a corresponding z-score increase of 0.05 standard deviations, and a 

0.11 reduction in the log-transformed hazard of being countered. Specifcity aids in high-

lighting key elements such as names, dates, organizations, and especially legal terminol-

ogy, thereby potentially making the claims more assertive and informative. For instance, 

the following response explicitly identifes the company names of the owner and legal 

representative: 

”The copyrighted work that is reproduced and made available for copying by 

the repository identifed below is Apple’s internal unreleased software source 

code. The copyright therein is owned by Apple. I am an attorney with Reed 

Smith LLP, which advises Apple Inc. in certain intellectual property matters. 

I am authorized by Apple to act on their behalf in this matter.” 

The preceding response contains more detailed information compared to the one below: 

”I am an employee of the copyright owner.” 

An overly lengthy description is not advisable, as adding just one more word re-

duces the probability of settlement by 1.33%, lowers the z-score by 0.0057 standard devi-

ations, and increases the log-transformed hazard of being countered by 0.01. These fnd-

ings suggest that an inclination to provide an excessive description of the issue, especially 

by the attorneys may be counterproductive. 

Columns (4) to (6) in Table 9 show how the answer to Question 4, the description of 

the copyrighted work, infuences the settlement rate. In all three models, the coeffcients 
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for both the fog index and the number of NER are nearly zero and statistically insignif-

icant. However, these coeffcients become signifcant in logistic and probit regressions 

after re-sampling. Columns (4) to (5) in Table 10 reveal that an additional year of com-

prehension requirement for the response leads to a minimal increase in the log odds of 

settlement and a 0.01 standard deviation rise in the settlement’s z-score. The coeffcient 

on the NER count becomes signifcantly positive after re-sampling. According to the re-

sampled data, each additional named entity contributes to a 0.03 increase in the log odds 

of settlement, a 0.02 standard deviation improvement in the settlement’s z-score, and a 

0.02 reduction in the log-transformed hazard of receiving a counter notice. Hence, the 

specifcity in the description of the copyrighted work strengthens the plaintiff’s signal. 

Furthermore, the length has a negative effect on the settlement rate as it does in answers 

to Question 3. In Table 9, an additional word decreases the odds of settlement rate by 

0.93% and reduces the rate by 0.0046 standard deviations in the z-score and 0.0034 in the 

log-transformed hazard. The results are robust after re-sampling. A too-lengthy answer 

negatively impacts the settlement outcome. 

About the redundancy, in Columns (7) to (9) of Table 9, only the cloglog regression 

shows a signifcant coeffcient at the 10% confdence level, whereas the logistic and pro-

bit models yield signifcantly positive results after re-sampling in Columns (7) and (8) of 

Table 10. The inclusion of one repeated word in the two responses leads to a 0.07 increase 

in the settlement’s log odds and a 0.04 standard deviation improvement in the z-score. 

The redundancy helps bolster the plaintiff’s signal. Additionally, the six aforementioned 

textual features maintain their signs and signifcance when included together in the re-

gressions in Columns (7) to (9) of Table 9 and Columns (7) and (8) of Table 10, confrming 

the robustness of these coeffcients. 

In summary, our measure of text features is an important determinant of the settle-

ment rate. To effectively convey a strong signal and avoid being countered, respondents 

should include more pivotal information (specifcity), write concisely (length), and make 

the descriptions more reader-friendly (readability). 
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5.2 The Role of Legal Representation 

5.2.1 Comparing Attorney-Written and Owner-Written Notices 

We see previously that legal representation has a signifcant positive effect on settlement 

rate. In this section, we investigate the mechanism behind it. It turns out that the way an 

attorney drafts the notice varies greatly from that of the owners. 

We begin by examining whether the text attributes between attorney submitters and 

owner submitters are different by Welch’s t-test. This tests Hypothesis 2a, which investi-

gates whether an attorney helps to increase the credibility of the signal. The Welch’s t-test 

assumes that the variances of numeric features between the two types of submitters are 

not equal. Figure 2 illustrates the differences between owners and attorneys and the cor-

responding confdence intervals. The difference is statistically signifcant if the confdence 

interval does not include zero. 

In panel A of Figure 2, all variables are binary. Owners who hire an attorney for the 

takedown notice are more inclined to use anti-circumvention technology but less likely to 

obtain an open-source license. Attorneys are more likely to ask for the removal of the re-

ported work than the owners. Regarding the intermediary’s actions, owner respondents’ 

takedown notices are more likely to lead to opportunities to modify their repositories to 

prevent content removal. There is no signifcant difference in the likelihood of revising 

and re-submitting the takedown notice between the two types of respondents. The num-

ber of takedown notices submitted by attorneys, where not all repositories or fles are 

found to be infringing, is lower compared to those submitted by owners, as attorneys 

conduct more thorough investigations. 

There is a noteworthy distinction regarding the textual attributes of the responses 

to the two open-ended questions on ownership and infringement. In panel B of Figure 

2, attorney respondents, on average, exhibit a higher fog index and use a greater number 

of named entities in their answers to both Question 3 and Question 4 when compared to 

owner respondents. Specifcally, the fog indices for the two descriptions, as reported by 

attorneys, exceed those provided by owners by 1.41 and 2.15 units, respectively. This im-
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plies that the comprehension of texts generated by attorneys requires an additional one 

to two years of education in comparison to owner-authored texts, making them harder to 

read. Furthermore, attorneys use 0.86 and 1.56 more named entities in their responses to 

Questions 3 and 4, respectively. The attorneys mention more names of individuals, loca-

tions, programs, and companies to help readers understand the parties and the alleged 

infringement involved. For example, 

”... It’s an OPL-1 license under the Odoo Proprietary License v1.0. This soft-

ware and associated fles (the ”Software”) may only be used (executed, modi-

fed, executed after modifcations) if you have purchased a valid license from 

the authors, typically via Odoo Apps, or if you have received a written agree-

ment from the authors of the Software. You may develop Odoo modules that 

use the Software as a library (typically by depending on it, importing it and 

using its resources), but without copying any source code or material from the 

Software. You may distribute those modules under the license of your choice, 

provided that this license is compatible with the terms of the Odoo Propri-

etary License (For example: LGPL, MIT, or proprietary licenses similar to 

this one)...” 

NER assists in clarifying which software license should be acquired for usage and which 

licenses allow the distribution of modules. It is helpful when assessing whether a de-

fendant’s repository infringes on copyright or not. Additionally, attorney respondents 

use 0.86 more repeated words in their answers to Questions 3 and 4 compared to owner 

respondents. 

In panel C of Figure 2, the length of responses excluding stop words, numbers, and 

punctuation is also signifcantly different. Attorneys, on average, write 4.08 more words 

than owners in their responses to Question 3, and this disparity expands to 8.58 words 

for Question 4. Besides, attorneys incorporate 0.86 more repeated words, referred to as 

redundancy, in their responses to those two questions. While this difference is statistically 

signifcant, the magnitude of the 0.86-word discrepancy may not be substantial enough to 

capture readers’ attention or affect the settlement rate as we show in the following regres-

sion results. Furthermore, attorneys demonstrate a heightened commitment to identify-
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ing infringing repositories and their associated forks. On average, attorneys report 2.68 

more repositories and 2.59 more forks in comparison to owners. 

Panel D demonstrates the similarity between answers. The attorney-written re-

sponses have greater similarity compared to those written by the owners in the descrip-

tions of both ownership and the copyrighted work. Attorneys often introduce their au-

thorization and the information of their law frms and employ a standardized process of 

investigation. This leads to a higher similarity of attorney-written answers. 

In conclusion, the results of the t-tests support Hypothesis 2a. The legal represen-

tative helps amplify the credibility of the signals in two ways. First, attorney-authored 

notices include more pivotal information in the descriptions regarding ownership and 

copyrighted work. Second, the legal representative conducts a more thorough investiga-

tion and detects more infringing URLs and forks than the owners themselves. 

5.2.2 Heterogeneous Effects 

What explains the effect of legal representation? We know that owners and attorneys 

differ signifcantly in writing styles. But the attorney also investigates more and has more 

aggressive demands. Which of these differences explain the beneft of hiring an attorney? 

We explore this question by testing whether the effect of legal representation is a 

function of other related variables. We start with textual features. We examine whether 

the attorney effect is a function of textual features by including the interaction terms be-

tween the legal representative and the textual features in equation 9. In Table 13, none 

of the coeffcients on the interaction terms between legal representatives and textual fea-

tures are signifcant. In fact, an overly complex and lengthy notice weakens the attorney’s 

signal. In Table 14, some coeffcients are signifcant after re-sampling. If the answer to 

Question 3 requires an additional year of education for comprehension, it leads to a de-

crease of 0.07 in the log odds of the settlement rate, a reduction of 0.04 in the z-score, and 

an increase of 0.06 in the log-transformed hazard of being countered. The inclusion of one 

additional word by the attorney results in a 0.02 decrease in the log odds of settlement, 

a 0.01 standard deviation drop in the z-score, and a 0.01 increase in the log-transformed 
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hazard of being countered. If we keep the textual features fxed, legal representative has 

no additional effects on facilitating the settlement. Therefore, writing styles do not con-

tribute signifcantly to the positive effect of legal representation. 

If anything, the attorney respondents’ writing styles, actually hurt the effective-

ness of the signaling. Lawyers prefer long sentences, big words, and more terminology, 

whereas an effective notice is much more concise. Here are two excerpts describing the 

copyrighted work, one from an attorney and the other from an owner. They have similar 

textual features but the latter was more effective. 

Attorney: ”It has come to our attention that a project containing copyrighted 

content of our project which was published on GitHub 21 days ago on [pri-

vate] account with the title of Online-Airline-Platform is infringing our copy-

right right. We have tried to contact the account owner but due to lack of 

contact details, we were unable to do so. Since, the project account is the iden-

tical version of a copyrighted project, which exposes our organization’s pro-

prietary data, we request GitHub to get this project removed from [private] 

account permanently from GitHub without leaving any trail or backup.” 

Owner: ”A developer of mine has accidentally published a GitHub repository 

that is part of my business. The developed code is part of a copyright and is 

subject of an upcoming investment. It falls under the German Business Secret 

Protection Act. Any sort of making this code available for the public is harmful 

for the future of our upcoming company. Unfortunately, this data breach has 

led to a user creating a fork of an older version.” 

Next, we examine whether legal representation has an additional effect on settle-

ment when the attorneys have different demands by incorporating an interaction term 

between the legal representative and the respondent’s demand. In Column (1) of Table 

11, the log odds of settlement show a decrease of 17.06 units, but that implies almost a 

zero change in odds. The coeffcient from the probit model is not statistically signifcant 

either in Columns (2). The results in Table 12 after re-sampling align with those obtained 
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before re-sampling. Hence, we do not observe any additional demand effect of an attor-

ney on the settlement rate. An unyielding attorney does not enhance the strength of the 

plaintiff’s signal. Legal demand does not explain the attorney effect. In other words, if 

the owner is determined to remove the infringing content anyway, the attorney cannot 

mitigate the negative impact of higher demand on settlement. 

The merit of hiring a lawyer appears to rest on the legal expertise and the efforts put 

into legal research. We test whether the attorney effect is a function of the investigation 

efforts by introducing the interaction terms between legal representation and the investi-

gation effort - the number of reported infringing URLs and whether they reported forks. 

Although reporting more infringing URLs or forks does not help the settlement, when the 

investigation of URLs and forks is conducted by attorneys, it has a positive impact on the 

settlement rate. The frst two columns in Tables 21 and 22 show that an attorney’s inves-

tigation of infringing URLs signifcantly increases the settlement rate. After re-sampling, 

reporting one additional infringing URL results in an increase of 0.15 in the log odds of 

settlement and a 0.08 increase in the z-score of settlement. The effect of reporting a fork 

by the attorney becomes signifcant after re-sampling. In Columns (3) and (4) of Table 

22, reporting a fork by the attorney increases the log odds of settlement by 0.02 and the 

z-score of settlement by 0.01 standard deviations. The magnitude of this effect is smaller 

than that of reporting an infringing URL. Since attorneys put in more investigative ef-

forts than owners, their investigation of infringing content, especially infringing URLs, 

enhances the signal and increases the settlement rate. 

Last but not least, we test Hypothesis 2c by including the interaction between the 

legal representative and the precautionary measures. Before re-sampling, the interaction 

terms show no signifcance, as indicated in Table 23. Following re-sampling, the interac-

tion term between the legal representative and anti-circumvention becomes signifcant in 

Columns (1) and (3) of Table 24. Nevertheless, the coeffcient from the probit regression 

remains insignifcant in Column (2). Additionally, the interaction between the legal repre-

sentative and open-source license consistently lacks signifcance. Consequently, we fnd 

mixed evidence on whether the positive effect of legal representation is amplifed when 

the plaintiff’s winning probability is higher. 
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5.3 The Role of Intermediary 

5.3.1 Comparing Revised and Original Notices 

GitHub requires the plaintiffs to revise and re-submit the takedown notice to ensure com-

pliance with the platform’s regulations. As depicted in Panels A and B of Figure 3, the 

revision results in a signifcant increase in readability, specifcity, length, and redundancy 

within the answers to the two open-ended questions. Additionally, plaintiffs tend to re-

port a greater number of infringing URLs and forks in their revised notices. Panel C illus-

trates that plaintiffs who submit revised takedown notices tend to be more demanding 

in requesting the removal of reported content compared to those who were not required 

to revise their notices. Furthermore, fewer opportunities are allowed for the defendants 

to avoid removal by modifying their repositories in response to these revisions. All these 

changes collectively indicate that the commitments for the revised notices are consider-

ably stronger than those in the original ones. 

Panel D illustrates the similarity between the answers to the two open-ended ques-

tions. After revision, the similarities among both the ownership descriptions and in-

fringement descriptions are higher. Platform mediation pools the strong signals. Strong 

notices are revised to be stronger and more detailed, and weak notices are more diverse. 

This suggests that platform mediation adds commitment to the signals, which supports 

3a. 

5.3.2 The Effects of Platform Mediation 

We test Hypothesis 3b by exploring whether the proactive involvement of the interme-

diary platform in the pretrial phase has an impact on the settlement rate. The regression 

model 10 is as follows. 

Settledi =β1GitHub revisioni + β2Chance to changei + β3GitHub veri f icationi 

+ β4Xi + ϵi (10) 
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In Table 18, Column (1) shows a signifcant fourfold increase in the odds of settlement 

when the takedown notice is a revised one. To add more validity, we also check the ro-

bustness of the coeffcient for various re-sampling sizes. In our earlier regressions, we 

re-sampled minority samples (countered takedown notices) by adjusting their number to 

a 50% proportion relative to those that did not receive counter-notices. Figure 7 demon-

strates that as the re-sampling size increases, the coeffcient on GitHub revision in the 

logistic regression transitions from slightly negative to positive and eventually stabilizes. 

Therefore, the revision policy by the platform contributes to dispute resolution. 

When the defendant is granted a 24-hour window to make modifcations before 

GitHub takes down the reported repository, the odds of settlement surge by a substantial 

53.75%, the z-score rises by 0.31 standard deviations, and the log-transformed hazard of 

being countered decreases by 0.19 as shown in Table 17. The re-sampled data also yield 

signifcantly positive coeffcients. This grace period, provided by the intermediary plat-

form, can substantially reduce the probability of the takedown notice being countered 

during the pretrial process. The platform serves as a mediator by assessing allegedly in-

fringing content before taking any actions. GitHub provides defendants with the chance 

to amend their repositories to address copyright concerns, thereby averting immediate 

removal and enhancing the settlement rate. 

Furthermore, GitHub’s examination of URLs before removal plays a role in dispute 

resolution. The coeffcient on GitHub verifcation becomes signifcant after re-sampling, 

and Figure 7 validates its sign and signifcance. In Columns (1) to (3) of Table 18, when 

non-infringing URLs are present in a takedown notice, the odds of settlement increase 

fourfold, the z-score of settlement rises by 0.97 standard deviations, and the log-transformed 

hazard of being countered decreases by 1.25. Once more, the mediator’s investigation 

contributes to an increased settlement rate. The results for all three variables support 

Hypothesis 3b, indicating that platform mediation leads to a higher settlement rate. 
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5.3.3 Heterogeneous Effects 

We examine three heterogeneous effects associated with GitHub’s revision policy. First, 

we introduce the interaction term between the legal representative and the GitHub re-

vision into equation 10. The coeffcients related to these interaction terms become sig-

nifcant after re-sampling. Columns (4) to (6) in Table 18 show that if GitHub requires 

an attorney to modify the takedown notice, the settlement odds decline by 50% and the 

z-score drops down by 0.54. This implies that the attorneys should fnish the takedown 

notice as effectively as possible when they frst submit it. 

Second, we delve into how textual features affect the effectiveness of the revision. 

We consider interaction terms between GitHub’s revision and the seven textual variables 

related to the responses to Questions 3 and 4. In Tables 19 and 20, only the interaction term 

between the GitHub revision and the fog index of the response to Question 4 is signif-

cant. In Columns (4) to (6) of Table 19, if the response to Question 4 in a revised takedown 

notice demands an additional year of education for comprehension, we observe a 10.67% 

decrease in the odds of settlement, a corresponding reduction of 0.05 standard deviations 

in the z-score, and a rise of 0.11 in the log-transformed hazard of being countered. The 

results imply that altering the writing style in the revised takedown notice does not con-

tribute to enhancing the plaintiff’s signal while maintaining a simplifed readability in the 

description of copyrighted work helps. 

Lastly, we test whether the effect of platform mediation varies with winning rate 

proxies. None of the interaction terms between the precautionary measures and GitHub 

revision demonstrate signifcance. When there is a higher winning probability, the posi-

tive effect of platform mediation remains unchanged. This supports Hypothesis 3c. 

5.4 Robustness Test 

We apply two methods to perform the robustness test. Firstly, we assess the stability of 

all individual coeffcients by testing various proportions of the minority to the majority. 

Figures 4 to 7 depict the coeffcient trends and their 95% confdence intervals. As the mi-
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nority cohort size expands, the coeffcient values converge to a stable level. Additionally, 

the sign and signifcance remain consistent with the results mentioned earlier. 

Secondly, we employ the complementary log-log regression as a means to validate 

the robustness of the results obtained from the logistic and probit regressions. The asym-

metric nature of the inverse cumulative distribution function in cloglog helps mitigate the 

dataset’s imbalance issue. It’s important to note that due to the different coding strate-

gies of the dependent variable between cloglog and the other two regressions, a negative 

sign in cloglog corresponds to the same interpretation as a positive sign in logistic and 

probit. In the empirical results, we observe that all signs and the majority of signifcance 

in cloglog are consistent with those in logistic and probit. 

6 Conclusion 

In this paper, we test pretrial signaling in two ways: (i) we apply text analysis to quantify 

the information conveyed in the signals, and (ii) we extend the signaling model to derive 

testable hypotheses and check whether they are consistent with empirical fndings. The 

availability of online copyright notices and counter-notices posted by GitHub has pro-

vided us with a rich textual dataset for analysis. In our text analysis, we measure every 

copyright notice by fve attributes including length, readability, specifcity, similarity, and 

redundancy. Studying these text features helps us to understand what a strong pretrial 

signal is. A strong signal is concise, easy to read, and more specifc. 

Our second step is to show how different institutional factors change the pretrial 

signals and the settlement rate. We analyze and compare three related models of pretrial 

settlement: the baseline signaling model, the disclosure model, and the mediated settle-

ment model. Both legal representation and platform mediation strengthen the signal and 

help to close the information gap between the disputants. The “attorney effect” is best 

explained by investigation efforts rather than writing techniques or a tougher attitude. 

In fact, lawyers can make their writing more effective by avoiding long sentences, big 

words, and excessive terminologies. 
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We conclude our paper by discussing a few limitations and promising extensions. 

One data limitation is that we do not observe the actual litigation if the two parties pro-

ceed to court. Because of that, we do not have good estimates of the stake of the case, 

the winning rate, etc., which prevents us from testing more implications of the mod-

els. Our empirical test is most likely applicable in disputes between strangers. Most 

of the disputants in our setting have no prior contractual relationship. Reputation and 

relationship-specifc investment play little role in our setting, which might be critical to 

settlement in contract cases. 

It would be interesting to see whether our fndings generalize to copyright notices 

in other platforms or other kinds of online takedown notices. Google, for example, pub-

lishes annual transparency reports on content delisting, government requests, security 

and privacy. There are also takedown requests based on trademark, defamation, domain 

name ownership, etc. This data has the potential to offer many more insights into how 

disputes are resolved online and whether the pretrial bargaining models are relevant. Our 

study is just a glimpse of the agenda. 
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Appendix A: Figures and Tables 

Table 1: Selected Questions and Anatomies of the GitHub Takedown Notice 

Q1 
Questions on the Takedown Notice 

Are you the copyright holder or authorized to act on the copyright owner’s behalf? 

Q2 Are you submitting a revised DMCA notice after GitHub Trust & Safety 
requested you make changes to your original notice? 

Q3 
Please describe the nature of your copyright ownership or authorization 
to act on the owner’s behalf. 

Q4 
Please provide a detailed description of the original copyrighted work that has 
allegedly been infringed. If possible, include a URL to where it is posted online. 

Q5 What fles should be taken down? Please provide URLs for each fle, or if 
the entire repository, the repository’s URL. 

Q6 
Do you claim to have any technological measures in place to control access to 
your copyrighted content? Please see our Complaints about 
Anti-Circumvention Technology if you are unsure. 

Q7 
Have you searched for any forks of the allegedly infringing fles or repositories? 
Each fork is a distinct repository and must be identifed separately if you believe 
it is infringing and wish to have it taken down. 

Q8 Is the work licensed under an open source license? 

Q9 What would be the best solution for the alleged infringement? 

A1 GitHub gave repository owners a chance to make changes before we processed the notice. 

A2 GitHub only processed the takedown notice with respect to some of the reported URLs. 

We select a set of questions from the DMCA takedown notice on GitHub. We have omitted 
questions that request contact information or other private details and have retained those that 
are related to the plaintiff’s properties, the copyrighted work, and the alleged infringement. 
These nine questions are mandatory to complete by the respondents. A1 and A2 are annotations 
provided by GitHub to help readers understand how the GitHub team handled the notice and 
the outcomes of their investigation into the reported infringing content. 
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Table 2: Variables and Their Values 

Question Variable Attributes 
Main Features 
Q1 Legal representative 1 if attorney; 0 if owner 
Q9 Demand 1 if takedown is mandatory; 

0 other solutions are acceptable 
Q5 Infringing URL count Number of infringing repositories 

that were reported 
Q7 Fork 1 if the infringing repositories 

were forked; 0 otherwise 
Textual Characteristics 
Q3 

Q4 

Ownership fog 
Ownership NER 
Ownership word 
Infringement fog 
Infringement NER 
Infringement word 
Redundancy 

Fog index 
Percentage of NER 
Count of clean words 
Fog index 
Percentage of NER 
Count of clean words 
Number of words used in 
answers to both Q3 and Q4 

Precaution 
Q6 Anti circumvention 1 if yes; 0 if no 
Q8 License 1 if yes; 0 if no 
Intermediary 
Q2 GitHub revision 1 if revised; 0 otherwise 
Anatomy 1 Chance to change 1 if the infringing repositories 

were allowed to change; 
0 otherwise 

Anatomy 2 GitHub verifcation 1 if not all reported repositories 
were infringing; 0 otherwise 

Dependent variable Settled Logit/Probit: 1 if the takedown 
notice was not countered; 
0 otherwise 
Cloglog: 1 if the takedown notice 
was countered; 
0 otherwise 

This table presents an overview of all variables extracted from the takedown notices and counter 
notices. As Questions 3 and 4 require open-ended responses, more than one variable is extracted 
from them. In the second column, we list the variable names. The third column provides detailed 
descriptions of the variables and the values of dummy variables. We have categorized these 
variables into four groups: baseline features, textual features, intermediary actions, and 
precautionary measures. 
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Table 3: Summary Statistics 

Variable Respondent Mean Std. Dev. Min. 5% 25% 50% 75% 95% Max. 
Ownership fog Attorney 14.44 5.58 0 3.2 11.47 14.43 17.93 23.29 30.03 

Owner 13.02 5.86 0 2.8 8.90 12.91 16.73 22.84 30.03 
Overall 13.80 5.75 0 2.8 10.33 13.98 17.67 22.88 30.03 

Ownership NER Attorney 2.59 4.08 0 0 1 2 3 7 62 
Owner 1.73 2.55 0 0 0 1 2 6 48 
Overall 2.20 3.50 0 0 0 1 3 7 62 

Ownership word Attorney 22.31 34.07 0 2 7 14 27 55 561 
Owner 18.24 24.78 0 1 4 10 21 63 303 
Overall 20.48 30.30 0 1 6 12 25 60 561 

Infringement fog Attorney 14.10 5.81 0 0 11.56 13.87 17.20 23.62 37.77 
Owner 11.95 6.48 0 0 8.20 13.06 16.16 21.75 34.04 
Overall 13.13 6.21 0 0 10.27 13.86 16.82 22.90 37.77 

Infringement NER Attorney 3.37 5.40 0 0 1 2 4 13 84 
Owner 1.81 3.50 0 0 0 1 2 6 58 
Overall 2.66 4.71 0 0 0 1 3 12 84 

Infringement word Attorney 29.45 37.70 0 0 8.75 19 34 89 682 
Owner 20.87 32.44 0 0 5 11 23 78 467 
Overall 25.58 35.68 0 0 7 16 30 84 682 

Redundancy Attorney 3.56 6.80 0 0 1 2 4 10 163 
Owner 2.71 5.87 0 0 0 1 3 8 120 
Overall 3.18 6.41 0 0 0 2 4 10 163 

Infringing URL count Attorney 6.93 39.40 0 1 1 1 2 20 1418 
Owner 4.25 12.59 0 1 1 1 3 15 261 
Overall 5.72 30.42 0 1 1 1 3 17 1418 

Fork Attorney 4.65 34.89 0 0 0 0 0 10 999 
Owner 2.06 20.61 0 0 0 0 0 4 685 
Overall 3.48 29.35 0 0 0 0 0 7 999 

This table provides summary statistics for all non-binary variables. For detailed defnitions of 
these variables, please refer to Table 2. For each variable, we have compiled statistics for three 
cohorts: notices authored by owners, notices authored by attorneys, and the overall dataset. 
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Table 4: Summary Statistics of Dummy Variables 

Feature Attribute Percentage Attribute Percentage 
Legal representative Attorney 54.91% Owner 45.09% 

GitHub revision Revised 9.48% Original 90.52% 
Anti circumvention Yes 15.56% No 84.44% 

License Yes 4.44% No 95.56% 
Demand Removal 83.45% Others 16.55% 

Chance to change Yes 52.33% No 47.67% 
GitHub verifcation Yes 8.16% No 91.84% 

This table provides summary statistics for all dummy variables. For detailed defnitions of these 
variables, please refer to Table 2. 
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Table 5: Baseline Features 

Logit Probit CLogLog 
(1) (2) (3) 

Legal representative 

Infringing URL count 

Demand 

1.0968*** 
(0.271) 
-0.002 
(0.002) 

-0.7876* 

0.4262*** 
(0.101) 
-0.0008 
(0.001) 

-0.3138** 

-1.0887*** 
(0.269) 
0.002 

(0.002) 
0.7813* 

Intercept 
(0.432) 

4.4718*** 
(0.431) 

(0.157) 
2.2808*** 
(0.156) 

(0.43) 
-4.4779*** 

(0.429) 
N 4684 4684 4684 

Pseudo R square 0.03098 0.03130 0.004632 

This table presents the baseline features of the takedown notices that infuence the settlement 
rate, analyzed through logistic regression, probit regression, and complementary log-log 
regression (cloglog). Each column represents a distinct regression model. In logistic and probit 
regressions, the dependent variable is assigned a value of 1 when the dispute is settled (i.e., the 
takedown notice did not receive a counter notice). Conversely, in the cloglog regression, the 
dependent variable is assigned a value of 1 when the takedown notice did receive a counter 
notice. Detailed defnitions for all variables can be found in Table 2. Robust standard errors are 
indicated in parentheses. *, **, and *** denote signifcance levels at 1%, 5%, and 10% confdence 
levels, respectively. 
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Table 6: Baseline Features After Re-sampling 

Logit Probit CLogLog 
(1) (2) (3) 

Legal representative 

Infringing URL count 

Demand 

1.9063*** 
(0.064) 
0.0019 
(0.001) 

-0.2314*** 

1.1301*** 
(0.035) 
0.0014 
(0.001) 

-0.1666*** 

-1.6144*** 
(0.057) 
-0.0013 
(0.001) 
0.142** 

Intercept 
(0.07) 

0.239*** 
(0.066) 

(0.042) 
0.1663*** 

(0.04) 

(0.056) 
-0.5211*** 

(0.053) 
N 6925 6925 6925 

Pseudo R square 0.1229 0.1234 0.1443 

This table presents regressions on the takedown notice’s baseline features using the re-sampled 
dataset. We apply SMOTE to increase the size of the samples that represent the countered 
takedown notices. Detailed defnitions for all variables can be found in Table 2. Robust standard 
errors are indicated in parentheses. *, **, and *** denote signifcance levels at 1%, 5%, and 10% 
confdence levels, respectively. 
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Table 7: Precautionary Technology 

Logit Probit CLogLog 
(1) (2) (3) 

Legal representative 

Infringing URL count 

Demand 

1.053*** 
(0.27) 

-0.0021 
(0.002) 

-0.8304* 

0.4086*** 
(0.101) 
-0.0008 
(0.001) 

-0.3375** 

-1.0449*** 
(0.268) 
0.0021 
(0.002) 
0.8216* 

Anti circumvention 
(0.429) 
0.0145 

(0.158) 
-0.0045 

(0.428) 
-0.0165 

License 
(0.346) 

-0.9644** 
(0.137) 

-0.4084** 
(0.342) 

0.9484** 

Intercept 

N 

(0.383) 
4.5991*** 
(0.426) 
4684 

(0.169) 
2.3396*** 
(0.157) 
4684 

(0.375) 
-4.6019*** 

(0.425) 
4684 

Pseudo R square 0.03808 0.03846 0.005688 

This table shows how the precautionary measures applied by the plaintiff impact the settlement 
rate. Detailed defnitions for all variables can be found in Table 2. Robust standard errors are 
indicated in parentheses. *, **, and *** denote signifcance levels at 1%, 5%, and 10% confdence 
levels, respectively. 
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Table 8: Precautionary Technology After Re-sampling 

Logit Probit CLogLog 
(1) (2) (3) 

Legal representative 

Infringing URL count 

Demand 

1.9083*** 
(0.065) 
0.0021 
(0.002) 

-0.3274*** 

1.1392*** 
(0.036) 
0.0015* 
(0.001) 

-0.2242*** 

-1.5814*** 
(0.057) 
-0.0013 
(0.001) 

0.205*** 

Anti circumvention 
(0.07) 

2.0561*** 
(0.043) 

1.1797*** 
(0.056) 

-1.7562*** 

License 
(0.148) 

1.1957*** 
(0.077) 

0.7248*** 
(0.14) 

-0.9593*** 

Intercept 

N 

(0.173) 
0.1364** 
(0.066) 
6925 

(0.099) 
0.1021** 
(0.041) 
6925 

(0.151) 
-0.4453*** 

(0.053) 
6925 

Pseudo R square 0.1617 0.1629 0.1846 

This table shows how the precautionary measures applied by the plaintiff impact the settlement 
rate using the re-sampled dataset. Detailed defnitions for all variables can be found in Table 2. 
Robust standard errors are indicated in parentheses. *, **, and *** denote signifcance levels at 1%, 
5%, and 10% confdence levels, respectively. 
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Table 9: Textual Features 

Logit Probit CLogLog Logit Probit CLogLog Logit Probit CLogLog 
(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Legal representative 

Infringing URL count 

Demand 

1.0604*** 
(0.272) 
-0.002 
(0.002) 

-0.7839* 

0.4208*** 
(0.101) 
-0.0008 
(0.001) 

-0.3042* 

-1.0511*** 
(0.271) 
0.002 

(0.002) 
0.7786* 

1.1574*** 
(0.284) 
-0.0021 
(0.002) 

-0.8416* 

0.4399*** 
(0.105) 
-0.0008 
(0.001) 

-0.3356** 

-1.164*** 
(0.286) 
0.0021 
(0.002) 
0.8311* 

1.1248*** 
(0.287) 
-0.002 
(0.002) 

-0.8667* 

0.4343*** 
(0.105) 
-0.0008 
(0.001) 

-0.3284** 

-1.1269*** 
(0.291) 
0.002 

(0.002) 
0.8737* 

Ownership fog 

Ownership NER 

Ownership word 

Infringement fog 

Infringement NER 

Infringement word 

Redundancy 

Intercept 

(0.435) 
-0.0097 
(0.023) 
0.1117* 
(0.065) 

-0.0134** 
(0.006) 

4.6746*** 
(0.548) 

(0.158) 
-0.0048 
(0.009) 
0.0475* 
(0.028) 

-0.0057* 
(0.003) 

2.3647*** 
(0.202) 

(0.432) 
0.0096 
(0.023) 

-0.1087* 
(0.064) 

0.0129** 
(0.006) 

-4.6782*** 
(0.544) 

(0.439) 

0.015 
(0.019) 
0.0141 
(0.045) 

-0.0093* 
(0.005) 

4.5473*** 
(0.483) 

(0.16) 

0.0084 
(0.008) 
0.0073 
(0.019) 

-0.0046** 
(0.002) 

2.3054*** 
(0.18) 

(0.432) 

-0.0126 
(0.018) 
-0.0119 
(0.04) 

0.0083** 
(0.004) 

-4.5543*** 
(0.477) 

(0.463) 
-0.0086 
(0.023) 
0.1132* 
(0.069) 

-0.0136* 
(0.007) 
0.0106 
(0.018) 
0.0066 
(0.045) 

-0.0087* 
(0.005) 
0.0198 
(0.015) 

4.7587*** 
(0.594) 

(0.165) 
-0.0038 
(0.009) 
0.0523* 
(0.028) 

-0.0064** 
(0.003) 
0.0063 
(0.007) 
0.0048 
(0.018) 

-0.0046** 
(0.002) 
0.0095 
(0.006) 

2.3844*** 
(0.216) 

(0.459) 
0.0088 
(0.023) 
-0.1082 
(0.069) 

0.0128** 
(0.006) 
-0.0086 
(0.018) 
-0.0032 
(0.039) 
0.0075* 
(0.004) 
-0.0184 
(0.015) 

-4.7753*** 
(0.588) 

N 4684 4684 4684 4684 4684 4684 4684 4684 4684 
Pseudo R square 0.03718 0.03804 0.005544 0.05123 0.05317 0.007563 0.05678 0.06011 0.008340 

This table presents how the textual features in responses to Questions 3 and 4 impact the 
settlement rate. The questions are listed in Table 1. Detailed defnitions for all variables can be 
found in Table 2. Robust standard errors are indicated in parentheses. *, **, and *** denote 
signifcance levels at 1%, 5%, and 10% confdence levels, respectively. 
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Table 10: Textual Features After Re-sampling 

Logit Probit CLogLog Logit Probit CLogLog Logit Probit 
(1) (2) (3) (4) (5) (6) (7) (8) 

Legal representative 

Infringing URL count 

Demand 

1.8436*** 
(0.065) 
0.0022 
(0.002) 
-0.1093 

1.0995*** 
(0.036) 
0.0016* 
(0.001) 

-0.0905** 

-1.5347*** 
(0.058) 
-0.0016 
(0.002) 
0.0903 

1.8903*** 
(0.067) 
0.0017 

c 
-0.3422*** 

1.1121*** 
(0.037) 
0.0012 
(0.001) 

-0.2269*** 

-1.6393*** 
(0.06) 

-0.0017 
(0.002) 

0.1872*** 

1.8211*** 
(0.069) 
0.0024 
(0.002) 

-0.1914** 

1.0711*** 
(0.038) 
0.0016 
(0.001) 

-0.1334*** 

Ownership fog 

Ownership NER 

Ownership word 

Infringement fog 

Infringement NER 

Infringement word 

Redundancy 

Intercept 

(0.073) 
-0.0332*** 

(0.006) 
0.311*** 
(0.027) 

-0.0254*** 
(0.002) 

0.5782*** 
(0.096) 

(0.044) 
-0.0216*** 

(0.003) 
0.1758*** 
(0.015) 

-0.0144*** 
(0.001) 

0.3903*** 
(0.057) 

(0.058) 
0.0241*** 

(0.004) 
-0.2168*** 

(0.02) 
0.0156*** 
(0.002) 

-0.774*** 
(0.075) 

(0.071) 

0.0203*** 
(0.005) 

0.0325*** 
(0.012) 

-0.0152*** 
(0.002) 

0.4589*** 
(0.088) 

(0.043) 

0.011*** 
(0.003) 

0.0173** 
(0.007) 

-0.0083*** 
(0.001) 

0.2929*** 
(0.053) 

(0.057) 

-0.0023 
(0.004) 

-0.0189** 
(0.008) 

0.0068*** 
(0.001) 

-0.689*** 
(0.069) 

(0.076) 
-0.0319*** 

(0.006) 
0.3762*** 
(0.029) 

-0.034*** 
(0.003) 

0.0138** 
(0.005) 

0.0273** 
(0.012) 

-0.0176*** 
(0.002) 

0.0697*** 
(0.01) 

0.7929*** 
(0.108) 

(0.045) 
-0.0208*** 

(0.003) 
0.2097*** 
(0.017) 

-0.0186*** 
(0.002) 

0.0073** 
(0.004) 

0.0147** 
(0.007) 

-0.0096*** 
(0.001) 

0.0384*** 
(0.006) 

0.5063*** 
(0.066) 

N 6925 6925 6925 6925 6925 6925 6925 6925 
Pseudo R square 0.1512 0.1519 0.1711 0.1555 0.1544 0.1740 0.1940 0.1923 

This table presents how the textual features in responses to Questions 3 and 4 impact the 
settlement rate using the re-sampled dataset. The questions are listed in Table 1. Detailed 
defnitions for all variables can be found in Table 2. Robust standard errors are indicated in 
parentheses. *, **, and *** denote signifcance levels at 1%, 5%, and 10% confdence levels, 
respectively. 
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Table 11: Fork and Interaction of Baseline Variables 

Logit Probit Logit Probit CLogLog 
(1) (2) (3) (4) (5) 

Legal representative 

Infringing URL count 

Demand 

18.0508*** 
(1.656) 
-0.0036 
(0.004) 
-0.4512 

5.6426 
(8.602) 
-0.0013 
(0.002) 
-0.1802 

1.0994*** 
(0.272) 
-0.002 
(0.002) 

-0.7853* 

0.4269*** 
(0.102) 
-0.0008 
(0.001) 

-0.3129** 

-1.0914*** 
(0.27) 
0.002 

(0.002) 
0.779* 

Legal representativeˆDemand 

Fork 

(0.441) 
-17.0642*** 

(1.603) 

(0.174) 
-5.2612 
(8.596) 

(0.432) 

-0.0009 

(0.157) 

-0.0003 

(0.43) 

0.0009 

Intercept 4.1801*** 
(0.413) 

2.1673*** 
(0.162) 

(0.002) 
4.4718*** 
(0.431) 

(0.001) 
2.2808*** 
(0.156) 

(0.001) 
-4.478*** 
(0.429) 

N 4684 4684 4684 4684 4684 
Pseudo R square 0.03658 0.03635 0.03105 0.03135 0.004643 

This table presents the infuence of the number of forks and the interaction between legal 
representation and demand on the settlement rate. Detailed defnitions for all variables can be 
found in Table 2. Robust standard errors are indicated in parentheses. *, **, and *** denote 
signifcance levels at 1%, 5%, and 10% confdence levels, respectively. 
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Table 12: Fork and Interaction of Baseline Variables After Re-sampling 

Logit Probit CLogLog Logit Probit CLogLog 
(1) (2) (3) (4) (5) (6) 

Legal representative 

Infringing URL count 

Demand 

18.0617*** 
(0.073) 
0.0019 
(0.002) 
0.0309 

9.4164 
(4890000.0) 

0.0014 
(0.001) 
0.0197 

-26.077 
(315.325) 
-0.0013 
(0.001) 
-0.0223 

1.9053*** 
(0.064) 
0.0019 
(0.001) 

-0.2328*** 

1.1295*** 
(0.036) 
0.0014 
(0.001) 

-0.1678*** 

-1.614*** 
(0.057) 
-0.0013 
(0.001) 

0.1423** 

Legal representativeˆDemand 

Fork 

(0.081) 
-16.3393*** 

(0.099) 

(0.051) 
-8.3914 

(4890000.0) 

(0.059) 
24.6251 

(315.325) 

(0.07) 

0.0007 

(0.042) 

0.0006 

(0.056) 

-0.0002 

Intercept 

N 

0.0258 
(0.074) 
6925 

0.015 
(0.049) 
6925 

-0.3862*** 
(0.054) 
6925 

(0.001) 
0.2386*** 
(0.066) 
6925 

(0.001) 
0.1659*** 

(0.04) 
6925 

(0.001) 
-0.5211*** 

(0.053) 
6925 

Pseudo R square 0.1342 0.1343 0.1570 0.1229 0.1235 0.1443 

This table presents the infuence of the number of forks and the interaction between legal 
representation and demand on the settlement rate using the re-sample dataset. Detailed 
defnitions for all variables can be found in Table 2. Robust standard errors are indicated in 
parentheses. *, **, and *** denote signifcance levels at 1%, 5%, and 10% confdence levels, 
respectively. 
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Table 13: Interaction of Legal Representative and Textual Features 

Logit Probit CLogLog Logit Probit CLogLog Logit Probit CLogLog 
(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Legal representative 2.3155*** 0.9058*** -2.2929*** 0.8189 0.3147 -0.8117 1.1033*** 0.4271*** -1.0958*** 
(0.709) (0.265) (0.706) (0.537) (0.21) (0.532) (0.274) (0.103) (0.273) 

Infringing URL count -0.0023 -0.0008 0.0023 -0.0019 -0.0008 0.0019 -0.0021 -0.0008 0.002 
(0.002) (0.001) (0.002) (0.002) (0.001) (0.002) (0.002) (0.001) (0.002) 

Demand -0.805* -0.319** 0.7982* -0.8862* -0.3407** 0.931** -0.795* -0.3171** 0.7885* 
(0.433) (0.157) (0.431) (0.47) (0.165) (0.466) (0.433) (0.157) (0.431) 

Ownership fog 0.0021 0.0012 -0.0021 
(0.03) (0.012) (0.029) 

Ownership NER 0.0876 0.0329 -0.0871 
(0.119) (0.047) (0.118) 

Ownership word -0.0065 -0.0024 0.0064 
(0.01) (0.004) (0.01) 

Infringement fog 0.0195 0.01 -0.0167 
(0.024) (0.01) (0.024) 

Infringement NER 0.027 0.0181 -0.0147 
(0.055) (0.026) (0.049) 

Infringement word -0.0136** -0.0072*** 0.0115** 
(0.006) (0.003) (0.005) 

Redundancy -0.0103 -0.0052 0.0099 
(0.009) (0.005) (0.008) 

Legal representativeˆOwnership f og -0.0685 -0.0275 0.0676 
(0.046) (0.018) (0.046) 

Legal representativeˆOwnership NER 0.1053 0.0481 -0.0993 
(0.142) (0.062) (0.138) 

Legal representativeˆOwnership word -0.0179 -0.0076 0.0172 
(0.014) (0.006) (0.013) 

Legal representativeˆIn f ringement f og 0.0063 0.0012 -0.0084 
(0.037) (0.015) (0.037) 

Legal representativeˆIn f ringement NER -0.0397 -0.0229 0.0272 
(0.078) (0.034) (0.073) 

Legal representativeˆIn f ringement word 0.0101 0.0054 -0.0081 
(0.009) (0.004) (0.008) 

Legal representativeˆRedundancy 0.0003 0.0009 -6.1E-05 
(0.013) (0.007) (0.012) 

Intercept 4.4358*** 2.2607*** -4.4426*** 4.6493*** 2.3414*** -4.7059*** 4.5088*** 2.2991*** -4.5136*** 
(0.567) (0.215) (0.563) (0.536) (0.198) (0.533) (0.432) (0.157) (0.431) 

N 4684 4684 4684 4684 4684 4684 4684 4684 4684 
Pseudo R square 0.04514 0.04555 0.006735 0.05627 0.05831 0.008341 0.03168 0.03212 0.004735 

This table presents how the interaction terms of the legal representative and the textual features 
in responses to Questions 3 and 4 impact the settlement rate. The questions are listed in Table 1. 
Detailed defnitions for all variables can be found in Table 2. Robust standard errors are indicated 
in parentheses. *, **, and *** denote signifcance levels at 1%, 5%, and 10% confdence levels, 
respectively. 
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Table 14: Interaction of Legal Representative and Textual Features After Re-sampling 

Logit Probit CLogLog Logit Probit CLogLog Logit Probit 
(1) (2) (3) (4) (5) (6) (7) (8) 

Legal representative 2.9567*** 1.7536*** -2.5118*** 1.4099*** 0.8233*** -1.211*** 1.8507*** 1.1002*** 
(0.168) (0.095) (0.142) (0.128) (0.077) (0.107) (0.074) (0.04) 

Infringing URL count 0.0025 0.0018* -0.0018 0.0017 0.0012 -0.0016 0.0019 0.0014 
(0.002) (0.001) (0.002) (0.002) (0.001) (0.002) (0.001) (0.001) 

Demand -0.1366* -0.1062** 0.1029* -0.3458*** -0.2267*** 0.1993*** -0.2307*** -0.1659*** 
(0.073) (0.044) (0.058) (0.072) (0.043) (0.061) (0.07) (0.042) 

Ownership fog -0.0193*** -0.0122*** 0.0157*** 
(0.007) (0.004) (0.005) 

Ownership NER 0.2838*** 0.1696*** -0.1995*** 
(0.03) (0.017) (0.022) 

Ownership word -0.022*** -0.0129*** 0.0137*** 
(0.003) (0.002) (0.002) 

Infringement fog 0.0199*** 0.0105*** -0.0056 
(0.006) (0.004) (0.005) 

Infringement NER 0.0798*** 0.0448*** -0.0366*** 
(0.016) (0.009) (0.01) 

Infringement word -0.0228*** -0.0128*** 0.0104*** 
(0.002) (0.001) (0.002) 

Redundancy -0.0159 -0.0085* 
(0.011) (0.005) 

Legal representativeˆOwnership f og -0.0668*** -0.0392*** 0.0564*** 
(0.011) (0.006) (0.009) 

Legal representativeˆOwnership NER 0.091 0.0264 -0.0853* 
(0.063) (0.032) (0.05) 

Legal representativeˆOwnership word -0.012** -0.0051* 0.0112*** 
(0.005) (0.003) (0.004) 

Legal representativeˆIn f ringement f og 0.0115 0.0083 -0.0198** 
(0.01) (0.006) (0.008) 

Legal representativeˆIn f ringement NER -0.1208*** -0.068*** 0.0676*** 
(0.023) (0.013) (0.014) 

Legal representativeˆIn f ringement word 0.0227*** 0.0127*** -0.0106*** 
(0.003) (0.002) (0.002) 

Legal representativeˆRedundancy 0.0189 0.0101 
(0.013) (0.006) 

Intercept 0.393*** 0.26*** -0.6566*** 0.5633*** 0.362*** -0.7377*** 0.2841*** 0.1905*** 
(0.105) (0.064) (0.078) (0.098) (0.06) (0.076) (0.073) (0.043) 

N 6925 6925 6925 6925 6925 6925 6925 6925 
Pseudo R square 0.1557 0.1566 0.1773 0.1644 0.1638 0.1812 0.1235 0.1240 

This table presents how the interaction terms of the legal representative and the textual features 
in responses to Questions 3 and 4 impact the settlement rate using the re-sampled dataset. The 
questions are listed in Table 1. Detailed defnitions for all variables can be found in Table 2. 
Robust standard errors are indicated in parentheses. *, **, and *** denote signifcance levels at 1%, 
5%, and 10% confdence levels, respectively. 
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Table 15: Interaction of Demand and Textual Features 

Logit Probit CLogLog Logit Probit CLogLog Logit Probit CLogLog 
(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Legal representative 1.0245*** 0.4062*** -1.0152*** 1.1653*** 0.4428*** -1.172*** 1.0891*** 0.4242*** -1.0808*** 
(0.275) (0.103) (0.274) (0.286) (0.106) (0.288) (0.276) (0.103) (0.274) 

Infringing URL count -0.002 -0.0008 0.002 -0.0026 -0.001 0.0026 -0.002 -0.0008 0.0019 
(0.002) (0.001) (0.002) (0.002) (0.001) (0.002) (0.002) (0.001) (0.002) 

Demand 0.4732 0.214 -0.4635 -1.4931 -0.6039 1.4729 -0.5929 -0.2369 0.5884 
(0.802) (0.33) (0.792) (1.106) (0.4) (1.105) (0.58) (0.214) (0.577) 

DemandˆOwnership f og -0.0884 
(0.067) 

-0.0359 
(0.027) 

0.0876 
(0.066) 

DemandˆOwnership NER 0.6956** 
(0.323) 

0.2735** 
(0.133) 

-0.6859** 
(0.316) 

DemandˆOwnership word -0.0921*** 
(0.034) 

-0.0366** 
(0.014) 

0.0907*** 
(0.033) 

DemandˆIn f ringement f og 0.0588 
(0.071) 

0.0241 
(0.027) 

-0.0566 
(0.07) 

DemandˆIn f ringement NER -0.1423 
(0.287) 

-0.0525 
(0.079) 

0.1425 
(0.293) 

DemandˆIn f ringement word 0.0086 
(0.022) 

0.003 
(0.006) 

-0.0091 
(0.022) 

DemandˆRedundancy -0.0591 
(0.127) 

-0.0227 
(0.043) 

0.0586 
(0.127) 

Intercept 3.5249*** 1.8942*** -3.5418*** 5.1698*** 2.5612*** -5.1671*** 4.313*** 2.2212*** -4.32*** 
(0.727) (0.302) (0.716) (1.076) (0.387) (1.076) (0.565) (0.208) (0.562) 

N 4684 4684 4684 4684 4684 4684 4684 4684 4684 
Pseudo R square 0.04427 0.04562 0.006588 0.05303 0.05515 0.007817 0.03206 0.03254 0.004790 

This table presents how the interaction terms of the respondent’s demand and the textual 
features in responses to Questions 3 and 4 impact the settlement rate. The questions are listed in 
Table 1. Detailed defnitions for all variables can be found in Table 2. Robust standard errors are 
indicated in parentheses. *, **, and *** denote signifcance levels at 1%, 5%, and 10% confdence 
levels, respectively. 
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Table 16: Interaction of Demand and Textual Features After Re-sampling 

Logit Probit CLogLog Logit Probit Logit Probit CLogLog 
(1) (2) (3) (4) (5) (6) (7) (8) 

Legal representative 1.823*** 
(0.066) 

1.0825*** 
(0.037) 

-1.5143*** 
(0.058) 

1.9002*** 
(0.068) 

1.1194*** 
(0.037) 

1.899*** 
(0.065) 

1.1245*** 
(0.036) 

-1.6087*** 
(0.058) 

Infringing URL count 0.0014 0.0011 -0.0009 0.0015 0.0011 0.0018 0.0013 -0.0011 
(0.001) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001) (0.001) 

Demand 1.0058*** 0.6316*** -0.6798*** -0.2303 -0.182 -0.1025 -0.0745 0.066 
(0.202) (0.123) (0.142) (0.197) (0.12) (0.093) (0.058) (0.071) 

DemandˆOwnership f og 

DemandˆOwnership NER 

-0.0805*** 
(0.016) 

0.4442*** 
(0.063) 

-0.0508*** 
(0.01) 

0.2495*** 
(0.038) 

0.0561*** 
(0.011) 

-0.3013*** 
(0.053) 

DemandˆOwnership word -0.0485*** 
(0.007) 

-0.0288*** 
(0.004) 

0.0309*** 
(0.005) 

DemandˆIn f ringement f og 

DemandˆIn f ringement NER 

-0.0312* 
(0.017) 

-0.1103*** 
(0.033) 

-0.0135 
(0.011) 

-0.0543*** 
(0.021) 

DemandˆIn f ringement word 

DemandˆRedundancy 

0.0186*** 
(0.005) 

0.0087** 
(0.004) 

-0.0393** 
(0.017) 

-0.0272*** 
(0.01) 

0.0245* 
(0.014) 

Intercept -0.3651** 
(0.185) 

-0.2245** 
(0.113) 

-0.1225 
(0.128) 

0.3603* 
(0.185) 

0.2534** 
(0.113) 

0.1439* 
(0.087) 

0.095* 
(0.054) 

-0.4653*** 
(0.067) 

N 6925 6925 6925 6925 6925 6925 6925 6925 
Pseudo R square 0.1608 0.1614 0.1793 0.1583 0.1565 0.1237 0.1243 0.1449 

This table presents how the interaction terms of the respondent’s demand and the textual 
features in responses to Questions 3 and 4 impact the settlement rate using the re-sampled 
dataset. The questions are listed in Table 1. Detailed defnitions for all variables can be found in 
Table 2. Robust standard errors are indicated in parentheses. *, **, and *** denote signifcance 
levels at 1%, 5%, and 10% confdence levels, respectively. 
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Table 17: Platform’s Actions 

Logit Probit CLogLog Logit Probit CLogLog 
(1) (2) (3) (4) (5) (6) 

Legal representative 

Infringing URL count 

Demand 

1.1147*** 
(0.269) 
-0.0019 
(0.001) 
-0.34 

0.4422*** 
(0.102) 
-0.0008 
(0.001) 
-0.1538 

-1.104*** 
(0.267) 
0.0018 
(0.001) 
0.3351 

1.1578*** 
(0.299) 
-0.0019 
(0.002) 

-0.7569* 

0.4441*** 
(0.111) 
-0.0007 
(0.001) 

-0.3078** 

-1.1502*** 
(0.297) 
0.0019 
(0.002) 
0.75* 

GitHub revision 
(0.497) 

-0.5707* 
(0.177) 

-0.2354* 
(0.498) 
0.5621* 

(0.434) 
-0.4786 

(0.157) 
-0.2093 

(0.433) 
0.4711 

Chance to change 

GitHub verifcation 

(0.338) 
0.7712*** 

(0.297) 
-0.1193 

(0.14) 
0.3072*** 

(0.113) 
-0.0383 

(0.333) 
-0.7627*** 

(0.296) 
0.1209 

(0.417) (0.18) (0.411) 

Legal representativeˆGitHub revision 

Intercept 

(0.428) 

3.8257*** 
(0.529) 

(0.172) 

2.0338*** 
(0.192) 

(0.424) 

-3.8373*** 
(0.528) 

-0.361 
(0.699) 
4.502*** 
(0.423) 

-0.106 
(0.283) 

2.2998*** 
(0.154) 

0.3638 
(0.691) 

-4.507*** 
(0.422) 

N 4684 4684 4684 4684 4684 4684 
Pseudo R square 0.04657 0.04751 0.006948 0.03533 0.03576 0.005280 

This table demonstrates the infuence of the platform’s actions on the settlement rate. Detailed 
defnitions for all variables can be found in Table 2. Robust standard errors are indicated in 
parentheses. *, **, and *** denote signifcance levels at 1%, 5%, and 10% confdence levels, 
respectively. 
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Table 18: Platform’s Actions After Re-sampling 

Logit Probit CLogLog Logit Probit CLogLog 
(1) (2) (3) (4) (5) (6) 

Legal representative 1.9635*** 1.1762*** -1.5131*** 1.9296*** 1.1503*** -1.618*** 
(0.069) (0.04) (0.058) (0.066) (0.037) (0.058) 

Infringing URL count -0.0006 -0.0006 0.0005 0.0011 0.0008 -0.0007 
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Demand 0.8092*** 0.4554*** -0.6896*** -0.2659*** -0.1868*** 0.1651*** 
(0.09) (0.051) (0.063) (0.07) (0.042) (0.056) 

GitHub revision 1.623*** 0.9065*** -1.2893*** 1.7573*** 1.0494*** -1.4618*** 
(0.175) (0.097) (0.148) (0.187) (0.103) (0.171) 

Chance to change 2.5523*** 1.4948*** -2.047*** 
(0.086) (0.047) (0.072) 

GitHub verifcation 1.6499*** 0.9742*** -1.2522*** 
(0.172) (0.103) (0.152) 

Legal representativeˆGitHub revision -0.7313** -0.5361*** 0.4843 
(0.345) (0.17) (0.33) 

Intercept -1.5333*** -0.896*** 0.788*** 0.1884*** 0.1339*** -0.4833*** 
(0.089) (0.053) (0.06) (0.066) (0.04) (0.053) 

N 6925 6925 6925 6925 6925 6925 
Pseudo R square 0.2905 0.2921 0.3092 0.1386 0.1391 0.1612 

This table demonstrates the infuence of the platform’s actions on the settlement rate using the 
re-sampled dataset. Detailed defnitions for all variables can be found in Table 2. Robust 
standard errors are indicated in parentheses. *, **, and *** denote signifcance levels at 1%, 5%, 
and 10% confdence levels, respectively. 
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Table 19: Interaction of Textual Features and GitHub’s Revision 

Logit Probit CLogLog Logit Probit CLogLog Logit Probit CLogLog 
(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Legal representative 1.0773*** 0.4299*** -1.0641*** 1.1223*** 0.4312*** -1.1297*** 1.1194*** 0.4375*** -1.1105*** 
(0.273) (0.102) (0.272) (0.284) (0.106) (0.287) (0.272) (0.102) (0.271) 

Infringing URL count -0.002 -0.0007 0.002 -0.002 -0.0006 0.002 -0.0019 -0.0007 0.0019 
(0.002) (0.001) (0.002) (0.002) (0.001) (0.002) (0.002) (0.001) (0.002) 

Demand -0.8359* -0.3169** 0.848* -0.8086* -0.3295** 0.7997* -0.7649* -0.3097** 0.7579* 
(0.471) (0.162) (0.48) (0.447) (0.161) (0.441) (0.434) (0.157) (0.433) 

Ownership fog -0.0168 -0.0074 0.0166 
(0.028) (0.01) (0.027) 

Ownership NER 0.0851 0.0309 -0.0848 
(0.091) (0.034) (0.09) 

Ownership word -0.0076 -0.0029 0.0075 
(0.009) (0.004) (0.009) 

Infringement fog 0.0356* 0.0168** -0.032 
(0.02) (0.008) (0.02) 

Infringement NER 0.0212 0.0079 -0.0228 
(0.055) (0.021) (0.053) 

Infringement word -0.0115* -0.0054** 0.0105* 
(0.006) (0.002) (0.006) 

Redundancy -0.0043 -0.0018 0.0042 
(0.01) (0.004) (0.009) 

GitHub revision -0.6062 -0.2864 0.5929 0.8343 0.4065* -0.7994 -0.483 -0.1873 0.4822 
(0.854) (0.35) (0.845) (0.561) (0.237) (0.553) (0.342) (0.142) (0.338) 

GitHub revisionˆOwnership f og 0.0218 0.0121 -0.0199 
(0.06) (0.024) (0.059) 

GitHub revisionˆOwnership NER 0.0396 0.0461 -0.0179 
(0.123) (0.059) (0.111) 

GitHub revisionˆOwnership word -0.0136 -0.0086 0.0108 
(0.013) (0.006) (0.011) 

GitHub revisionˆIn f ringement f og -0.1128*** -0.052*** 0.1072*** 
(0.034) (0.015) (0.033) 

GitHub revisionˆIn f ringement NER 0.0849 0.0341 -0.0814 
(0.17) (0.067) (0.166) 

GitHub revisionˆIn f ringement word 0.0009 0.0009 -0.0002 
(0.012) (0.005) (0.012) 

GitHub revisionˆRedundancy -0.027 -0.0143 0.0252* 
(0.017) (0.01) (0.015) 

Intercept 4.8153*** 2.4128*** -4.8351*** 4.3979*** 2.2501*** -4.4088*** 4.5331*** 2.3093*** -4.538*** 
(0.569) (0.203) (0.576) (0.496) (0.184) (0.491) (0.425) (0.155) (0.424) 

N 4684 4684 4684 4684 4684 4684 4684 4684 4684 
Pseudo R square 0.04387 0.04550 0.006494 0.06148 0.06404 0.009027 0.03670 0.03751 0.005477 

This table presents how the interaction terms between the platform’s actions and the textual 
features of answers to Questions 3 and 4 impact the settlement rate. The questions are in 1. 
Detailed defnitions for all variables can be found in Table 2. Robust standard errors are indicated 
in parentheses. *, **, and *** denote signifcance levels at 1%, 5%, and 10% confdence levels, 
respectively. 
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Table 20: Interaction of Textual Features and GitHub’s Revision After Re-sampling 

Logit Probit Logit Probit CLogLog Logit Probit 
(1) (2) (3) (4) (5) (6) (7) 

Legal representative 1.8485*** 1.0995*** 1.8738*** 1.097*** -1.5853*** 1.9168*** 1.1331*** 
(0.065) (0.037) (0.068) (0.037) (0.059) (0.065) (0.036) 

Infringing URL count 0.0013 0.0009 0.0008 0.0007 -0.0007 0.0011 0.0008 
(0.001) (0.001) (0.002) (0.001) (0.001) (0.001) (0.001) 

Demand -0.1442** -0.1106** -0.3875*** -0.2518*** 0.2189*** -0.2689*** -0.1879*** 
(0.074) (0.044) (0.071) (0.043) (0.059) (0.07) (0.042) 

Ownership fog -0.0323*** -0.0208*** 
(0.006) (0.003) 

Ownership NER 0.3103*** 0.176*** 
(0.027) (0.015) 

Ownership word -0.0251*** -0.0142*** 
(0.003) (0.001) 

Infringement fog 0.0231*** 0.0129*** -0.0053 
(0.005) (0.003) (0.004) 

Infringement NER 0.0421*** 0.0239*** -0.029*** 
(0.013) (0.007) (0.01) 

Infringement word -0.0176*** -0.0098*** 0.0085*** 
(0.002) (0.001) (0.001) 

Redundancy -0.0061 -0.0035 
(0.005) (0.003) 

GitHub revision 2.4631*** 1.385*** 2.699*** 1.5689*** -2.2508*** 1.8192*** 1.0197*** 
(0.434) (0.231) (0.28) (0.155) (0.253) (0.204) (0.104) 

GitHub revisionˆOwnership f og -0.0275 -0.0185 
(0.029) (0.016) 

GitHub revisionˆOwnership NER -0.0435 -0.0206 
(0.13) (0.075) 

GitHub revisionˆOwnership word -0.0102 -0.0047 
(0.012) (0.007) 

GitHub revisionˆIn f ringement f og -0.1124*** -0.0664*** 0.0792*** 
(0.02) (0.011) (0.017) 

GitHub revisionˆIn f ringement NER 0.222 0.0802 -0.2201* 
(0.138) (0.067) (0.118) 

GitHub revisionˆIn f ringement word 0.0043 0.0043 0.0042 
(0.008) (0.004) (0.007) 

GitHub revisionˆRedundancy -0.0514 -0.0292** 
(0.032) (0.013) 

Intercept 0.5122*** 0.3493*** 0.4279*** 0.2729*** -0.6581*** 0.2123*** 0.1505*** 
(0.097) (0.058) (0.09) (0.054) (0.071) (0.069) (0.042) 

N 6925 6925 6925 6925 6925 6925 6925 
Pseudo R square 0.1685 0.1686 0.1756 0.1738 0.1944 0.1395 0.1395 

This table presents how the interaction terms between the platform’s actions and the textual 
features of answers to Questions 3 and 4 impact the settlement rate using the re-sampled dataset. 
The questions are in 1. Detailed defnitions for all variables can be found in Table 2. Robust 
standard errors are indicated in parentheses. *, **, and *** denote signifcance levels at 1%, 5%, 
and 10% confdence levels, respectively. 
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Table 21: Interaction of Legal Representative and the Investigation Efforts 

Logit Probit Logit Probit CLogLog 
(1) (2) (3) (4) (5) 

Legal representative 

Infringing URL count 

Demand 

0.8494*** 
(0.282) 

-0.0137*** 
(0.005) 

-0.8058* 

0.3335*** 
(0.107) 
-0.006** 
(0.003) 

-0.3193** 

1.074*** 
(0.271) 
-0.002 
(0.002) 

-0.7851* 

0.4164*** 
(0.101) 
-0.0008 
(0.001) 
-0.312** 

-1.0664*** 
(0.269) 
0.002 

(0.002) 
0.779* 

Fork 
(0.431) (0.159) (0.432) 

-0.0025 
(0.157) 
-0.0013 

(0.43) 
0.0024 

Legal representativeˆIn f ringing URL count 

Legal representativeˆFork 

Intercept 

0.0687** 
(0.035) 

4.5569*** 
(0.437) 

0.026** 
(0.013) 

2.3134*** 
(0.161) 

(0.002) 

0.0071 
(0.005) 

4.4771*** 
(0.431) 

(0.001) 

0.0031 
(0.002) 

2.2832*** 
(0.157) 

(0.002) 

-0.0069 
(0.005) 

-4.4831*** 
(0.43) 

N 4684 4684 4684 4684 4684 
Pseudo R square 0.03860 0.03830 0.03167 0.03210 0.004733 

This table presents how the interaction terms between the legal representative and the 
investigation efforts impact the settlement rate. Detailed defnitions for all variables can be found 
in Table 2. Robust standard errors are indicated in parentheses. *, **, and *** denote signifcance 
levels at 1%, 5%, and 10% confdence levels, respectively. 
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Table 22: Interaction of Legal Representative and the Investigation Efforts After Re-
sampling 

Logit Probit Logit Probit 
(1) (2) (3) (4) 

Legal representative 

Infringing URL count 

Demand 

1.5603*** 
(0.075) 
-0.0026 
(0.002) 

-0.2273*** 

0.9442*** 
(0.042) 
-0.0017 
(0.001) 

-0.1625*** 

1.8697*** 
(0.065) 
0.0019 
(0.001) 

-0.2294*** 

1.1105*** 
(0.036) 
0.0014 
(0.001) 

-0.1659*** 

Fork 
(0.07) (0.043) (0.07) 

-0.0032 
(0.042) 
-0.0015 

Legal representativeˆIn f ringing URL count 

Legal representativeˆFork 

Intercept 

0.1529*** 
(0.022) 

0.2558*** 
(0.066) 

0.0797*** 
(0.011) 

0.1767*** 
(0.041) 

(0.005) 

0.0165*** 
(0.006) 

0.2449*** 
(0.066) 

(0.002) 

0.0086*** 
(0.002) 

0.1696*** 
(0.04) 

N 6925 6925 6925 6925 
Pseudo R square 0.1302 0.1308 0.1240 0.1246 

This table presents how the interaction terms between the legal representative and the 
investigation efforts impact the settlement rate after re-sampling. Detailed defnitions for all 
variables can be found in Table 2. Robust standard errors are indicated in parentheses. *, **, and 
*** denote signifcance levels at 1%, 5%, and 10% confdence levels, respectively. 
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Table 23: Interaction of Precaution and Legal Representative/Platform’s Actions 

Logit Probit CLogLog Logit Probit CLogLog Logit Probit CLogLog Logit Probit CLogLog 
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Legal representative 1.2281*** 0.4761*** -1.2193*** 1.0184*** 0.3926*** -1.0115*** 1.0947*** 0.4299*** -1.0859*** 1.0504*** 0.4093*** -1.0421*** 
(0.304) (0.113) (0.303) (0.283) (0.106) (0.282) (0.269) (0.101) (0.268) (0.271) (0.102) (0.269) 

Infringing URL count -0.002 -0.0008 0.002 -0.0021 -0.0008 0.0021 -0.0019 -0.0006 0.0019 -0.002 -0.0007 0.002 
(0.002) (0.001) (0.002) (0.002) (0.001) (0.002) (0.002) (0.001) (0.002) (0.002) (0.001) (0.002) 

Demand -0.7929* -0.3179** 0.7863* -0.8367* -0.3431** 0.8269* -0.7646* -0.3115** 0.7573* -0.8118* -0.3398** 0.7993* 
(0.432) (0.158) (0.431) (0.428) (0.157) (0.427) (0.434) (0.158) (0.433) (0.419) (0.153) (0.421) 

Anti circumvention 0.3633 0.1506 -0.3592 -0.0452 -0.0303 0.043 
(0.476) (0.19) (0.472) (0.367) (0.144) (0.363) 

License -1.0464** -0.4617** 1.0248** -0.9003** -0.3654* 0.89** 
(0.42) (0.193) (0.408) (0.442) (0.191) (0.435) 

GitHub revision -0.6988** -0.2991** 0.6875** -0.5365 -0.217 0.5312 
(0.356) (0.149) (0.351) (0.365) (0.15) (0.36) 

Legal representativeˆAnti circumvention -0.7622 -0.2969 0.7564 
(0.705) (0.271) (0.701) 

Legal representativeˆLicense 0.4778 0.2505 -0.459 
(1.116) (0.442) (1.105) 

GitHub revisionˆAnti circumvention 0.7824 0.361 -0.7664 
(1.116) (0.435) (1.107) 

GitHub revisionˆLicense -0.1323 -0.1378 0.096 
(0.923) (0.424) (0.888) 

Intercept 4.4311*** 2.2654*** -4.4375*** 4.6183*** 2.3498*** -4.62*** 4.5344*** 2.3126*** -4.5389*** 4.6501*** 2.3657*** -4.6495*** 
(0.432) (0.158) (0.431) (0.427) (0.158) (0.426) (0.426) (0.155) (0.425) (0.422) (0.155) (0.423) 

N 4684 4684 4684 4684 4684 4684 4684 4684 4684 4684 4684 4684 
Pseudo R square 0.03267 0.03301 0.004884 0.03836 0.03895 0.005728 0.03582 0.03662 0.005349 0.04157 0.04228 0.006202 

This table reports the effect of the interaction terms between the precautionary measures and the 
legal representative or GitHub’s actions on the settlement rate. Detailed defnitions for all 
variables can be found in Table 2. Robust standard errors are indicated in parentheses. *, **, and 
*** denote signifcance levels at 1%, 5%, and 10% confdence levels, respectively. 
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Table 24: Interaction of Precaution and Legal Representative/Platform’s Actions After 
Re-sampling 

Logit Probit CLogLog Logit Probit CLogLog Logit Probit CLogLog Logit Probit CLogLog 
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Legal representative 1.8639*** 1.1203*** -1.5441*** 1.9196*** 1.1406*** -1.6189*** 1.8845*** 1.1205*** -1.5576*** 1.9266*** 1.1406*** -1.6166*** 
(0.065) (0.037) (0.058) (0.064) (0.036) (0.058) (0.065) (0.037) (0.057) (0.065) (0.036) (0.057) 

Infringing URL count 0.002 0.0014 -0.0012 0.002 0.0015* -0.0014 0.0011 0.0008 -0.0006 0.0012 0.0009 -0.0007 
(0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Demand -0.3453*** -0.2369*** 0.221*** -0.2117*** -0.1539*** 0.1257** -0.3796*** -0.2564*** 0.2422*** -0.2479*** -0.1741*** 0.1507*** 
(0.07) (0.042) (0.056) (0.07) (0.042) (0.056) (0.07) (0.043) (0.056) (0.07) (0.042) (0.056) 

Anti circumvention 1.9086*** 1.1461*** -1.5789*** 2.0224*** 1.165*** -1.7166*** 
(0.161) (0.088) (0.148) (0.15) (0.079) (0.141) 

License 1.0541*** 0.6437*** -0.8478*** 1.0772*** 0.6539*** -0.865*** 
(0.18) (0.106) (0.155) (0.178) (0.103) (0.155) 

GitHub revision 1.5658*** 0.8787*** -1.3116*** 1.5628*** 0.8681*** -1.3277*** 
(0.167) (0.093) (0.149) (0.167) (0.092) (0.15) 

Legal representativeˆAnti circumvention 0.8121* 0.0912 -1.0595** 
(0.481) (0.193) (0.474) 

Legal representativeˆLicense 1.3043 0.4269 -1.4467 
(1.024) (0.404) (1.013) 

GitHub revisionˆAnti circumvention 0.2296 -0.0279 -0.4344 
(1.031) (0.433) (1.018) 

GitHub revisionˆLicense -0.2133 -0.156 0.0761 
(0.783) (0.394) (0.741) 

Intercept 0.2045*** 0.1435*** -0.4963*** 0.1816*** 0.1301*** -0.4776*** 0.1558** 0.1173*** -0.4578*** 0.1399** 0.1058*** -0.4455*** 
(0.066) (0.04) (0.053) (0.066) (0.04) (0.053) (0.066) (0.04) (0.053) (0.066) (0.04) (0.053) 

N 6925 6925 6925 6925 6925 6925 6925 6925 6925 6925 6925 6925 
Pseudo R square 0.1558 0.1565 0.1790 0.1288 0.1293 0.1507 0.1698 0.1703 0.1934 0.1430 0.1430 0.1660 

This table reports the effect of the interaction terms between the precautionary measures and the 
legal representative or GitHub’s actions on the settlement rate after re-sampling. Detailed 
defnitions for all variables can be found in Table 2. Robust standard errors are indicated in 
parentheses. *, **, and *** denote signifcance levels at 1%, 5%, and 10% confdence levels, 
respectively. 
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Figure 1: Number of the Takedown Notices and Counter Notices 

This fgure demonstrates the monthly count of takedown notices and counter notices from March 
2021 to August 2023. 
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Figure 2: Comparing Attorney-Written and Owner-Written Notices: Welch’s t-Tests 

This fgure depicts the results of Welch’s t-test comparing the features between owner-written 
takedown notices and attorney-written takedown notices. The black dot represents the difference 
value, while the blue interval denotes the 95% confdence interval of the difference. The 
difference is signifcant when the interval encompasses 0. 
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Figure 3: Comparing Revised and Original Notices: Welch’s t-Tests 

This fgure depicts the results of Welch’s t-test comparing the features between the original 
takedown notices and the original takedown notices. The black dot represents the difference 
value, while the blue interval denotes the 95% confdence interval of the difference. The 
difference is signifcant when the interval encompasses 0. 
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Figure 4: Coeffcients from Different Minority Sample Sizes - Baseline Variables 

This fgure illustrates the coeffcients on the baseline variables along with their corresponding 
95% confdence intervals, as the size of re-sampling increases. We have employed SMOTE to 
augment the sample size of takedown notices that did not receive a counter notice, which is 
represented on the x-axis. The coeffcient is signifcant when the confdence interval encompasses 
0. 
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Figure 5: Coeffcients from Different Minority Sample Sizes - Textual Features 

This fgure illustrates the coeffcients on the textual features along with their corresponding 95% 
confdence intervals, as the size of re-sampling increases. We have employed SMOTE to augment 
the sample size of takedown notices that did not receive a counter notice, which is represented on 
the x-axis. The coeffcient is signifcant when the confdence interval encompasses 0. 
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Figure 6: Coeffcients from Different Minority Sample Sizes - Precaution 

This fgure illustrates the coeffcients on the precautionary measures along with their 
corresponding 95% confdence intervals, as the size of re-sampling increases. We have employed 
SMOTE to augment the sample size of takedown notices that did not receive a counter notice, 
which is represented on the x-axis. The coeffcient is signifcant when the confdence interval 
encompasses 0. 
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Figure 7: Coeffcients from Different Minority Sample Sizes - Platform’s Mediation 

This fgure illustrates the coeffcients on the platform’s mediation along with their corresponding 

95% confdence intervals, as the size of re-sampling increases. We have employed SMOTE to 

augment the sample size of takedown notices that did not receive a counter notice, which is 

represented on the x-axis. The coeffcient is signifcant when the confdence interval encompasses 

0. 
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