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Abstract

We study how takeover announcements affect the productivity of knowledge workers
employed by target firms. Using data from GitHub to measure individual work output
and a stacked event study specification, we find that work output declines by 14%
following takeover announcements. We also find suggestive evidence that code quality
deteriorates. The effect on quantity is more pronounced for acquisitions associated
with a larger risk of layoffs, specifically within-industry takeovers. Also, the results are
weaker in states where takeovers are likely to be motivated by the wish to acquire skilled
employees. These patterns are consistent with stress and anxiety induced by takeover
uncertainty. The findings highlight a previously under-explored channel through which
takeovers can be costly for acquirers. More broadly, the welfare effects of takeovers
might extend beyond capital and product markets to include non-trivial productivity
and mental health costs for affected workers.
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1. Introduction

What happens to the productivity of a firm’s employees when the firm becomes the target

of a takeover? This paper examines the effect of takeover announcements on the productivity

of knowledge workers employed by the target firm. We measure productivity by the output

of individual knowledge workers. As a proxy for output, we calculate the weekly number of

contributions to GitHub, the world’s premier code-sharing platform.

This question is economically important for several reasons. First, the market for mergers

and acquisitions (M&As) represents one of the largest components of global capital reallo-

cation. In the United States alone, the total M&A transaction value in 2024 was 1.2 trillion

dollars according to S&P Global (Toomey, 2025). This takeover activity directly affects a

large number of employees each year. Second, the importance of knowledge work within

the modern economy is steadily increasing, as innovation, research, and professional services

account for a growing share of value added in advanced economies. Understanding how

takeovers affect the productivity of these workers is thus central to assessing both firm-level

and aggregate welfare consequences.

While the existing literature has extensively analyzed the effects of takeovers on share-

holders, bondholders, consumers, suppliers, and employment, much less is known about

how takeovers influence worker productivity (see Golubov (2025) and Eckbo, Malenko, and

Thorburn (2025) for recent reviews). From a managerial perspective, productivity changes

represent a key channel through which takeovers can create — or destroy — firm value.

From a policy perspective, the effects on workers constitute an important component of the

aggregate welfare effects of takeovers that have been under-researched in the literature.

Using a novel measure of individual-level output among knowledge workers, we find that

takeover announcements lead to a statistically and economically significant decline in worker

productivity. The effect is robust across a wide range of empirical specifications and persists

beyond the short term, suggesting that there might be a long-term effect. Quantitatively,

the decline corresponds to roughly 9–14% relative to the sample average of output, implying
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a meaningful economic magnitude.

We collect information on completed acquisitions of firms located in the U.S. or Canada

from Capital IQ that were announced between 2016–2023. We use data from GHTorrent

to obtain a detailed GitHub user-by-year panel between 2015 and 2021. This allows us to

match users’ affiliation to the names of target firms.

GitHub contains public and private projects, or repositories. Public repositories are

visible to everyone, while private repos are only visible to the project team. Since we are

interested in professional developers, we focus on users who contribute to public projects

owned by organizations rather than by individual users.

We augment the merged sample with data from the GitHub API, which allows us to

count the number of contributions such as commits, issues, pull requests, etc., for each user

in each week. Most existing studies use only GHTorrent which provides information on

public repositories. The GitHub API has a key advantage: it counts contributions not only

to public repositories but also to private ones, although only for users who choose to report

their private activity.

Through the use of GitHub data, we focus on a select group of occupations, namely

programmers, software developers, software engineers, data engineers, data scientists, and

similar roles. However, this is arguably an important group of occupations in today’s econ-

omy. Since we merge the sample of takeover targets with the GitHub data, our final sample

is tilted towards technology firms or companies with at least some employees in the occupa-

tions listed above. We assume that our measure of GitHub contributions is at least correlated

with the kind of productivity that firms care about. This assumption is supported by Gupta,

Nishesh, and Simintzi (2024), who show that programmers who have more contributions on

GitHub have better job outcomes later.

Our main methodology is an event study regression, which exploits the fact that different

takeovers are announced at different points in time. Our control group consists of employees

at firms that will be acquired at a future point in time (i.e., not yet treated users). We
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examine an event window from 12 weeks before to 12 weeks after the announcement week.

The main outcome variable is the number of contributions to GitHub at the user-week level.

The reason for the narrow event window is that we want to be sure that a restructuring of

the target firm does not mechanically reduce the number of GitHub contributions. Workers

could be reassigned or even fired after a takeover, and we do not know the exact career

history of each user. With a narrow event window around the announcement date, where

many takeovers have not even become effective yet, it is unlikely that target workers are

fired or reassigned to different projects.

We find a treatment effect of −1.66 contributions, averaged across all 12 post-treatment

weeks. The average user makes 18.4 contributions per week in our sample, so the affected em-

ployees contribute 9% less to GitHub. The median is six contributions per user-week, which

implies an even larger reduction in output relative to the median. This is a non-negligible

reduction in work output. The negative effect remains statistically significant throughout

the end of the event window. The estimation does not show any pre-trends, suggesting that

treated users behave similarly to control users leading up to the announcement date.

Our results are robust to a large number of alternative specifications. We use a stacked

event study specification similar to Gormley and Matsa (2011) or Cengiz, Dube, Lindner,

and Zipperer (2019). In simple terms, we create a separate control group for each event, or

cohort. Then, we control for cohort-specific event-time fixed effects and cohort-specific user

fixed effects. We follow the recommendations for stacked event studies in Wing, Freedman,

and Hollingsworth (2024). The treatment effect is slightly larger, at −2.59 (p < 1%) contri-

butions to public and private repositories per user per week, which corresponds to 14% of

the unconditional mean.

Are there any long-term effects on worker productivity? Since workers could be reassigned

or even fired after a takeover, it is difficult to estimate any long-term effects. With this caveat

in mind, we expand the event window to include 26 weeks, or half a year, after the takeover

announcement date. We find persistent negative effects on worker output throughout the
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end of the extended event window. These findings provide suggestive evidence that there

might be a long-term effect on worker productivity. To approximate the dollar amount of

the loss in worker productivity, we follow the methodology in Holub and Thies (2023) and

estimate a $6,048 loss per worker over a six-month period.

We also separately estimate the contributions to private and public repos. We find that

the combined effect across all 12 post-announcement weeks is −1.7 contributions (p = 0.006)

for private repos and −0.87 contributions (p = 0.18) for public repos. This suggests that

most of the effect comes from contributions to private repos.

The deal with the largest number of users in our sample is Red Hat, which was acquired

by IBM in 2019. In order to rule out the possibility that this single takeover drives our

results, we drop all Red Hat users from our sample and repeat the stacked event study

regression. We show that the treatment effect across all 12 post-announcement weeks is

−2.73 contributions (p < 0.01), which is an even larger reduction than without dropping

Red Hat.

In large M&A deals, the completion date is several months later than the announcement

date. For most small takeovers in our dataset, the announcement date and the completion

date fall on the same day, which is presumably the actual completion date. This could pose

a problem if the true announcement date is much earlier than the indicated announcement

date. This would imply that some workers at the target firm would be aware of the planned

takeover before our “event week”. Also, after the completion date, the target firm might be

restructured and workers might be reassigned to different tasks, or even fired, which could

mechanically reduce contributions to repos. In another robustness test, we restrict ourselves

to deals where the announcement date is strictly earlier than the completion date. Even

though our sample is smaller, the results hold.

In addition to measuring the quantity of work, we construct a measure of work quality

for a small sample of public repositories. We use the number of software bugs reported for

each repository, normalized by repo size, as an inverse proxy for code quality. We find that
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following a takeover announcement, the bug rate increases. This effect is less statistically

significant than the effect on work quantity, but it is nonetheless suggestive of a deterioration

in code quality.

There are several mechanisms through which takeovers could have an effect on productiv-

ity, which are not mutually exclusive. Takeover announcements often generate uncertainty

regarding job security, workplace structure, and future leadership, potentially inducing stress

and anxiety that lower worker performance. They may also divert attention away from core

tasks as employees discuss the implications of the transaction. On the other hand, workers

might also want to exert high effort in order to keep their job or to improve the chance

of obtaining a new job. Finally, employees might just pretend to work hard, also with the

intention of keeping their employment.

Our findings of a decrease in work output are consistent with the “stress and anxiety”

channel and with the “distraction” hypothesis. Especially the stress and anxiety channel is

based on a fear of layoffs, and we design three additional tests that are consistent with this

fear.

In our first test, we distinguish between takeovers that are likely motivated by cost-

cutting measures (such as layoffs), and deals that are probably motivated by other reasons

(acquiring new technology, new products, etc.). We assume that takeovers where the target

and the acquirer are in the same industry, it is more likely that layoffs will follow. The same

proxy is used in the empirical takeover literature, such as Dessaint, Golubov, and Volpin

(2017) and Chen, Gao, and Ma (2021). The negative effects on worker productivity tend to

be stronger in within-industry takeovers.

In a second test, we exploit U.S. state-level variation in the Inevitable Disclosure Doctrine

(IDD). In some states, firms can easily argue in court that employees who take a job at a

competing firm will inevitably reveal the trade secrets of the previous employer. Chen et al.

(2021) find that firms headquartered in an IDD state are significantly more likely to be

acquired than companies in other states. They argue that acquirers want to have access to
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the target firm’s employees. Therefore, we hypothesize that target employees in IDD states

are not particularly worried about a future layoff. We find that takeover announcements in

IDD states on average do not have any negative effects on worker productivity at the target

firms.

A third test of our hypothesis that the results are driven by the fear of layoffs, we conduct

a placebo test exploiting partial acquisitions. Since such transactions are less likely to imply a

change of control in the firm, its announcement should induce less anxiety about job security

among employees at target firms. We indeed find weaker results in partial acquisitions.

All of these tests support the stress and anxiety channel, but are also somewhat consistent

with the distraction hypothesis. However, the stress and anxiety channel is further backed

up by Bach, Bos, and Silva (2025), who show that takeovers in Sweden have a negative effect

on workers’ mental health.

While we are not able to clearly distinguish between the stress and distraction channels,

our results suggest that workers’ effort signaling — whether honest or fake effort — is not

the dominant mechanism.

The results have implications for both firms and policy makers. For acquirers, they

suggest that target firm valuations should incorporate the expected productivity costs asso-

ciated with takeovers, potentially implying an optimal downward adjustment in bid prices.

Our data does not allow us to determine to what extent bidders already internalize these

costs. More broadly, the findings indicate that the welfare effects of mergers and acquisitions

extend beyond capital and product markets to include non-trivial productivity and mental

health costs for affected workers. If the main channel is distraction, takeovers lead to tempo-

rary losses in output; if stress and anxiety dominate, they generate both output losses and

private disutility from reduced well-being. Either way, the cost-benefit analysis of M&As

should take into account these additional costs.

Our paper is related to the literature on the effects of M&As on workers. Most studies in

this literature find that takeovers have negative implications for employees at target firms.
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Dessaint et al. (2017) show that a large faction of the financial value created in the average

takeover is driven by layoffs. Lagaras (2020) uses Brazilian administrative data to show

that takeovers have large and persistent negative effects on wages. Arnold (2025) uses U.S.

census data to show that acquisitions have negative effects for workers, emphasizing the role

of labor market concentration.1 These studies focus on wages and employment, rather than

the productivity of knowledge workers.

This literature includes studies that look at other worker-related outcome variables as

well. Using detailed administrative data, Bach et al. (2025) find that firm acquisitions have

a negative effect on the mental health of employees in Sweden. Gilje and Wittry (2021)

find that changing ownership from private to public has a negative effect on worker safety

in the U.S. coal industry. Cohn, Nestoriak, and Wardlaw (2021) find that private equity

buyouts lead to fewer incidents of workplace injuries in the U.S. Garcia-Gomez, Maug, and

Obernberger (2022) find that private equity buyouts in the Netherlands have negative effects

on employees’ income and employment, but not on their health. For a review of the literature

on labor and corporate finance, see Maug (2025). We contribute to this literature by showing

that takeovers have a negative effect on knowledge worker productivity. One of the possible

mechanisms that we mention is consistent with the poor mental health effects in Bach et al.

(2025).

Finally, this paper contributes methodologically by developing and applying new mea-

sures of knowledge-worker productivity, a notoriously difficult construct to quantify. Prior

studies have used diverse proxies for individual professions: patent counts for innovators

(Trajtenberg, 1990), student outcomes for teachers (Rivkin, Hanushek, and Kain, 2005),

publication counts for researchers (Cui, Ding, and Zhu, 2022; Yang, Cai, and Li, 2024), and

case completions for judges (Chen, He, and Yamashita, 2025; Grajzl and Silwal, 2020). These

existing measures, however, often suffer from low frequency and a narrow focus on specific

1There are several other studies showing a negative effect of takeovers on wages and employment: Gugler
and Yurtoglu (2004), Siegel and Simons (2010), Maksimovic, Phillips, and Prabhala (2011), Li (2013), Prager
and Schmitt (2021), Gehrke, Maug, Obernberger, and Schneider (2021), and Hosken, Larson-Koester, and
Taragin (2024).
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occupations. Our approach provides a higher-frequency measure of output that applies to

a broader set of occupations, which allows for more precise identification of productivity

responses to takeover events.

2. Setting and data

2.1. Setting: GitHub

GitHub, founded in 2008, is the world’s largest coding platform, allowing users to store

and collaboratively work on coding projects. It is based on Git, a version control system,

that tracks who has changed which lines of a (code) file at what point in time to facilitate

especially collaborative work on coding projects. An individual change to a code file recorded

by the version control system is called a commit, and thus reflects coding activity by the

commit author. On top of this core functionality, GitHub offers several additional tools,

e.g. issues, which can be used to track bugs, plan tasks or discuss ideas on the project; and

pull requests which allow to suggest code changes, without directly implementing them, such

that the main branch of the project contains only approved work. Users can discuss issues

and pull requests using the comment function.

GitHub has been growing a lot over time in popularity, and was acquired by Microsoft

in 2018. In 2022, the platform had 94 million registered users, up from 30 million in 2019.

The U.S. is the country with the largest number of users.

Importantly, two types of projects (repositories) can be created on GitHub: private and

public projects. Public projects are visible to everyone, and every user can contribute, e.g.,

via pull requests (PRs), whereas only team members can make commits. Private projects,

by contrast, are only visible to the project team. Users’ activities to public projects are

visualized on their profile in a “contribution graph” and, if users opt to have them included,

the number of private activities is also included in the count (but without any details on

the activity). For the graph, the following types of activities are counted: making commits,
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opening of PRs and issues, creating a new repository, and submitting a PR review.

The development of open-source software has a strong tradition on GitHub. Until 2019,

public repositories dominated because free accounts could only create public repositories.

Since 2019, free accounts can also create unlimited private repositories. Since then, activity

in private repos has been growing fast, accounting for almost 80% of all contributions on

GitHub in 2022 (GitHub, 2022). Still, the volume of activity in public projects is high.

The largest open source projects are mostly commercially-backed, including e.g. Microsoft’s

VSCode (20,000 contributors in 2022) or Vercel’s next.js (6,000 contributors). Many tech

firms operate organizations on GitHub, hosting their open-source projects. Some of the

organizations with the most open source contributors include Microsoft, Meta, Docker, and

Google (see GitHub, 2016).

Figure 1 shows the distribution of public actions across hours of the day as reported

in Holub and Thies (2023), indicating that they are concentrated during standard business

hours. This suggests that contributions to public repositories are likely work-related and

not simply side-projects of developers. However, we provide a robustness test for the pos-

sibility that a reduction in side-projects explains the drop in contributions after a takeover

announcement.

2.2. Data

2.2.1. M&A events

We collect information on completed acquisitions of firms located in the U.S. or Canada

from Capital IQ, which were announced between 2016 and 2023. This database is also used

in Golubov and Xiong (2020), among others, and contains some deals that are not included in

LSEG Refinitiv (formerly SDC Platinum).2 We consider all deals in which a majority stake

in the company was acquired. The data includes information on the name of the target

2We compare the deal coverage of the two data vendors Capital IQ and LSEG Refinitiv in Appendix B.
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company and the acquirer, their respective industries3, and the dates that the transaction

was announced and completed, respectively. While we consider all industries a priori, the

matching with the GitHub data (details below) implies that the relevant deals involve mostly

tech firms as targets. Some examples for transactions that affected a large number of GitHub

users in our data are the acquisition of Red Hat by IBM (announced in 2018), the takeover

of VMware by Broadcom (announced in 2022), and the acquisition of GitHub by Microsoft

(announced in 2018). Figure 2 shows the full distribution of M&A events considered in our

analysis over time.

2.2.2. GitHub data

GHTorrent. The GHTorrent database provides information on all GitHub users at mul-

tiple points in time, specifically user ids, login names, registration dates, and information

provided by the users on their profiles, like location and company affiliation. For each year

between 2015 and 2021, we have one snapshot of the user information. It is a longitudinal

dataset, in contrast to the GitHub API (see below). Besides, the database includes complete

records of users’ activities in public repositories up to June 2019, separately for commits,

opening and closing of PRs and issues, as well as comments written on PRs, issues, and

commits. It includes information on the project in which the action was conducted and the

precise timestamp.

Using the GHTorrent data, we identify all user-by-year observations where users report

a company/employer on their profile. We compile a list of company-operated repositories,

and further restrict the sample to users who conducted at least one commit in a company-

backed repository during the sample period. This complements the self-reported company

information to restrict the sample to professional software developers. We drop a handful of

users who are likely bots based on login names.

We then identify users affected by M&A events by matching employers reported on the

3Buyer industry is only reported if the acquirer is a company.
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GitHub profiles to target company names reported in the Capital IQ database, using a

fuzzy string-matching approach, followed by manual elimination of incorrect matches. The

matching is based on the company affiliation reported by GitHub users in the year before the

takeover. If a user has been affected by multiple takeovers throughout the sample period,

we consider only the first event. Figure 3 shows the geographic distribution of the users

affected by a takeover. As we consider M&A events involving firms in the U.S. and Canada,

unsurprisingly, a large share of the users are located in these two countries, especially in the

well-known tech hubs along the east and west coasts. But we also observe users located in

other states and even other countries, especially in Europe.

For these users who have ever been affected by a takeover, we then construct a weekly

panel of their GitHub activity. With the GHTorrent data, we can measure weekly commits,

comments, PR, and issue events, as well as the sum of all activities (total actions) conducted

in public repositories, but only between 2014 and June 2019, meaning many takeovers oc-

curring after this period cannot be analyzed with the data. Therefore, we complement

GHTorrent with information from the GitHub API.

GitHub API. The GitHub API offers two advantages. It allows the collection of informa-

tion on GitHub activities up to the current date, i.e., a longer time period than GHTorrent,

and it includes information on activity levels in private repositories for users who have cho-

sen that these actions should be reported on their profiles.4 It covers exactly those types of

activities that are visualized in users’ “contribution graph” on their profile, namely opening

and closing of PRs, issues, commits, and creation of new repositories. An important differ-

ence from the GHTorrent data is that comments are not included. We collect information

on weekly contributions in public repositories, and if available, in private repositories, for

the sample of users affected by takeovers that we identified using the GHTorrent data. The

panel covers the period 2014 to 2022. We use the sum of all contributions to private and

4In contrast to contributions to public repositories, which are visible in detail, e.g., the exact lines of code
changed in a commit, for activities in private repositories, no details are reported, but only the number of
contributions made during a specific time period of interest.
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public repositories as our main outcome variable to capture as much of a developer’s weekly

work activity as possible.

To construct the sample, we restrict the panel to users who have meaningful activity

levels before the takeover event. Specifically, we require users to have non-zero activity

levels in both public and private repos during at least 5 weeks in a baseline period. This

baseline period is 2014–15 for users affected by M&A events between 2016–2019, and 2016–

17 for users affected by M&A events between 2020–2023. This results in a sample of 1,235

users at 554 different target firms. The full sample has approximately 571,000 user-week

observations.

We report summary statistics on the user-by-week panel in Table 1. On average, users

conduct 17.9 contributions in public and private projects per week. Out of these contribu-

tions, 6.5 are in public repos, while 11.3 are in private repos. For public repos, we also know

that there are 4.9 commits per week on average, which makes commits the most frequent

type of contribution to a public repo.

The number of contributions is an noisy approximation of work output. There are more

sophisticated measures of software developers’ work output, especially in the computer sci-

ence literature. Examples are the lines of code changed, cyclomatic complexity, the Leven-

shtein distance, or the Halstead effort measure. However, Gote, Mavrodiev, Schweitzer, and

Scholtes (2022) show that these measures are highly correlated with the number of commits.5

Output quality. To assess the effects of takeover announcements on developers’ code

quality, we exploit the fact that many project teams use the GitHub issue tracker to orga-

nize tasks. Issues are opened to report a bug, to request a new feature, or to discuss new

ideas, among others. While every user can open an issue in public repositories, only project

members can attach labels to issues to classify them. GitHub provides nine default labels

(bug, documentation, duplicate, enhancement, good first issues, help wanted, invalid, ques-

5Figure 3 in Gote et al. (2022) shows that the number of commits has a Pearson correlation of 0.81 with
the number of lines added/deleted/modified, 0.78 with cyclomatic complexity and with Levenshtein distance,
and 0.67 with the Halstead effort measure.
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tion, wontfix) available in every repo, and project members can create additional customized

labels. This feature allows us to construct the monthly number of newly found bugs as a

measure of error frequency at the project level. We count the number of newly opened issues

that receive a label indicating a bug, i.e., a label containing the string “bug”. We use the

frequency of bugs as an inverse proxy for the quality of code in a repository.

As this measure is only available at the project level, rather than the developer level, we

have to assign treatment status to projects. To do this, we identify all projects operated

by target firms. First, we match target firms to organizations on GitHub. We observe all

organizations registered by June 2019 in the GHTorrent data. After cleaning target firm and

organization names, we match 818 out of all 1,152 firms that face a takeover announcement

between 2016 and 2023 to one or more GitHub organizations. In total, we find 835 relevant

organizations, as some firms operate multiple organizations. For example, the target firm

Thoughtworks, Inc. is matched to the organizations thoughtworks, ThoughtWorksInc, and

ThoughtWorksStudios. Second, we identify all public repositories created by these organiza-

tions as of June 2019 using GHTorrent. This yields 46,360 repositories.

For these repos, we collect data on issues, including information on attached labels, and

commits, including the number of lines added and deleted in the commit, via the GitHub

API. As we want to analyze changes in the number of bugs opened in a repo over time, we

restrict this sample to repos that have had at least three labeled issues in the baseline period

before the takeover announcement, which reduces the sample to 979 repositories, operated

by 188 target firms that are treated during 83 distinct announcement months. In these

repos, the average number of new issues per month is 5.2, of which 3.2 get labeled, and 0.89

are classified as bugs. We construct the monthly bug rate for all these repositories, defined

as the number of new issues that are labeled as bugs, divided by the number of commits

created in the repository during the same and the previous month. We scale the number of

new bugs by recent coding activity as a drop in the amount of code written can be expected

to mechanically reduce the number of bugs. The average bug rate is 0.043, or 4.3 bugs per
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100 commits.

3. Empirical strategy

3.1. Event study

To identify the causal effect of takeovers on employee productivity, we exploit the tem-

poral variation in takeover announcements across the 554 target firms in our sample in a

staggered difference-in-differences (DiD) design. The treatment is the announcement of firm

takeover, i.e. it varies at the firm × week level, while the unit of analysis is user × week.

Every takeover announcement can be considered as a sub-experiment.

We first present results from a simple event study. For this, we include every user i for the

period 12 weeks before to 12 weeks after the week ai when the takeover of i’s employer was

announced. Dropping observations outside of this relatively narrow event window leads to a

large reduction in sample size, from approximately 571,000 to 29,000 (see Table 1, Panels A

and B). The summary statistics for the two samples are very similar. In the event study sam-

ple, the average user makes 18.4 contributions per week. Table 1, Panel C, separately shows

summary statistics for the pre- and post-treatment subsamples, respectively. The number of

contributions changes from a pre-treatment average of 19.6 and to a post-treatment level of

17.3, suggesting a drop in activity after the takeover announcement. Using the event study

sample, we estimate the following regression specification:

Yit =
12∑

τ=−12,τ ̸=−1

βτ1{t− ai = τ}+ µi + θj,y(t),q(t) + γHolidayst + uit (1)

where Yit denotes GitHub activity by user i, who is affected by a takeover announcement

in week ai, during calendar week t. We include user fixed effects µi to control time-invariant

productivity differences between users. We also use industry-year-by-quarter fixed effects

θj,y(t),q(t), for general time trends and business cycle dynamics, which we allow to vary across
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employers’ industries. Moreover, we control for U.S. public holidays, as the majority of

users are based in the U.S. The coefficients of interest are given by βτ . They measure users’

performance in event week τ relative to the omitted week prior to the announcement.

We cluster standard errors at the firm level. The event study specification allows us to

test the parallel trends and the no-anticipation assumptions, and to analyze effect dynamics

post treatment. In addition, we also report the DiD estimate that reflects the change from

the entire pre-announcement period to the entire post-announcement period.

3.2. Stacked event study

To address the well-known issues that can arise in staggered adoption designs, we also

present results from a stacked event study, following the approach lined out by Wing et al.

(2024). First, to avoid “forbidden comparisons” between users at firms treated towards the

end of the sample period and those treated early — which can lead to bias in case of non-

constant treatment effects — we build a stacked data set including only “clean controls” for

every takeover event. For all users affected by an acquisition in announcement week a, we

use only users at not-yet-treated firms as comparison units. Specifically, we consider firms

as controls if they receive treatment, i.e. the takeover announcement, between 12 and 18

months later than announcement week a. This ensures that control firms remain untreated

during the full event window (12 weeks), but should be on similar trends as the treated firms

since they will also experience a takeover soon. After determining the relevant clean controls

for every takeover announcement a, we stack the resulting sub-data sets. Events for which

we cannot find clean controls are not included as treatment events.

Second, also following Wing et al. (2024), to avoid bias from compositional changes, we

trim the data set to ensure that all users affected by a takeover are observed during the

full event window, i.e., 12 weeks before and after the announcement week. This means,

the sample includes the same number of both treated and control users in every event time

period e, where event time is measured in weeks relative to the announcement week. For
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this, we have to drop users affected by takeovers in the final months of 2022 from the set of

treated units, as the data does not cover them for 12 weeks post treatment.6 Given that the

GitHub activity data goes back to 2014, while the first takeover announcement is in 2016,

all treated users are observed during the full pre-treatment period.

Using the stacked and trimmed analysis sample, we can estimate the following event

study model:

Yiea =
12∑

τ=−12,τ ̸=−1

βτDia · 1{e = τ}+ θia + γea + ϵiea (2)

where i denotes an individual user at a target firm whose takeover is announced in week a.

Yiea measures GitHub activity by user i in event week e relative to the announcement week.

Following Cengiz et al. (2019) and others, we control for user × announcement week fixed

effects, θia, identifying a user in a specific sub-experiment – as users can be part of several

sub-experiments if they are a clean control for at least one other takeover. γea controls for

sub-experiment specific event time fixed effects (e.g., week 9 after the announcement of the

Red Hat takeover), which captures general time trends in GitHub use, holidays, or business

cycle dynamics. The dummy Dia identifies users who are treated in announcement week a.

Thus, βτ should indicate how the productivity of treated users changed from the last week

pre-announcement to event week τ relative to the productivity of their control units.

However, as pointed out by Wing et al. (2024), the coefficients βτ in general do not

identify a meaningful aggregate of the sub-experiment specific treatment effects. Thus, we

estimate the model using weighted least squares and corrective weights proposed by Wing

et al. (2024). This ensures that the coefficients from the weighted least square regressions

identify a weighted average of the sub-experiment specific ATTs (average treatment effects

on the treated). The weights are given by the share of the stacked analytic sample used in the

6While we would only need to drop events from the last twelve weeks of 2022 in the trimmed dataset
to ensure compositional balance, we instead exclude all events occurring after August 2022. This allows us
to find a sufficient number of clean controls with announcement dates 12 to 18 months later for all treated
units, given that our M&A announcement data end in 2023.
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respective sub-experiment, i.e., the share of treated and control units in that announcement

week a. We also report robustness tests with different weights as well as without weights in

Section 4.

Since we build individual control groups for every takeover event in the stacked dataset,

the number of user × week observations in the stacked event study sample becomes quite

large (543,625), due to the large number of control group observations (515,350). Summary

statistics for the stacked sample are presented in Panel D of Table 1. The average number

of contributions to GitHub is similar to the simple event study sample.

4. Results

4.1. Main results

We first look at the number of total contributions to GitHub around takeover announce-

ment, but without control variables. Figure 4 shows the weekly average number of contribu-

tions to private and public repos in event time. The event is defined as the announcement

week of a takeover. We clean the number of contributions by subtracting user-by-Christmas

fixed effects and holiday fixed effects. Figure 4 shows that the average number of actions

on GitHub falls right after the M&A announcement. Lower activity is still observed 100

weeks after the announcement. For completeness, Figures A1 and A2 in the appendix show

separate results for private and public repos, respectively.

This provides suggestive evidence that there might be a drop in contributions after

takeover announcements. It also shows that there is no large run-up in activity in the months

leading up to a takeover. Next, we estimate an event study regression which controls for a

lot of confounding shocks.

The results of the event study analysis confirm these findings in Figure 5. Firstly, the

estimated coefficients for the 12 weeks preceding the announcement week are never statisti-

cally significant at the 95% significance level, and the point estimates are close to zero. This
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suggests that there is no parallel trends violation before the treatment. Since there are no

never-treated firms in the sample, the comparison is relative to week -1 and relative to firms

that receive treatment at a different point in time. This is important because there might

be an anticipation effect leading up to the event. The insignificant pre-treatment coefficient

alleviates this concern. However, already during the announcement week and in most weeks

after it, the point estimates are negative and statistically significant at the 95% significance

level. The estimated coefficients stay at roughly the same level throughout the end of the

event window, suggesting no short-term reversal. The estimated treatment effect across the

entire post-treatment period is −1.66 (p < 1%), indicating a drop in activity among users

affected by the takeover.

The average user makes 18.4 contributions per week in our sample, so the affected em-

ployees contribute 9% less to GitHub. The median is six contributions per user-week, which

implies an even larger 28% reduction in output relative to the median. This is a non-

negligible reduction in work output. A simplified version of this regression specification can

be found in Table 2.

Next, we estimate a stacked event study regression that has some advantages relative

to a simple event study or to a general two-way fixed effects regression (see Wing et al.,

2024, among others). These results can be found in Figure 6. Compared to the simple event

study, we get even larger point estimates (in absolute terms). The weekly post-treatment

effects are statistically significant at the 95% level for 9 out of 13 treated weeks. There is

no violation of the parallel trends assumption before treatment. The estimated treatment

effect across the entire post-treatment period is −2.59 (p < 1%), which confirms our simple

event study results. Relative to the stacked event study sample mean of 18.98, this implies

a 14% reduction in work output.

We estimate the stacked event study regression separately for contributions to private

and public repos in Figure 7. We find that the result is mainly driven by private repos.

Although point estimates after the M&A announcement are always negative in both groups,
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they are never statistically significant for public repos. For private repos, we are observing

point estimates that are on average two times larger. The weekly coefficients are statistically

significant only for 3 out of 13 treatment weeks, but the standard errors are also wider than

in the public repo sample. Nevertheless, the treatment effect across the entire post-treatment

period is −1.7 and still significant at the 1% level. A simplified version of the regressions in

Figures 6 and 7 can be found in Table 3.

Next, we ask if there are any long-term effects on worker productivity. Since workers

could be reassigned or even fired after a takeover, and since we do not know the entire career

trajectory of the users in our sample, it is difficult to estimate any long-term effects. The

longer the event window, the higher the likelihood that some target workers in our sample

will have stopped working for the target, which might mechanically reduce the number of

contributions to repositories. We extend the event window to 26 weeks before and 26 weeks

after the announcement week in Figure 8. We find persistent negative effects on worker

output throughout the end of the extended event window. The average point estimate is

−2 in the post treatment period, being statistically significant even on the 25th week after

the event. These findings provide suggestive evidence that there might be a long-term effect

on worker productivity. However, these results are based on the assumption that firing or

internal reassignment decisions do not explain the drop in activity. A simplified version of

this regression can be found in Table 4.

4.2. Robustness tests

In Figure 9 we present the results of Poisson Pseudo Maximum Likelihood (PPML)

regressions instead of OLS. Poisson regressions might be more appropriate for count data

and might be better able to capture nonlinear effects. The results are even stronger when

using PPML. The point estimates are statistically significant for 8 out of 13 treatments

weeks, while the pre-trend assumption is still valid. The average estimated coefficient after

the event is −0.13 (p < 1%). The point coefficient of a Poisson regression cannot be directly
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compared to an OLS coefficient. To translate the PPML coefficient into a percentage change,

we use the formula (eβ − 1)× 100, which implies a 12% reduction in work output. A slightly

extended regression specification as well as separate regressions for public and private repos

can be found in Table 6.

We perform various additional robustness checks. We confirm that our results are robust

to applying alternative weights from Wing et al. (2024) and using no weights as in Cengiz

et al. (2019) (see Figure 10 and Table 5). Removing the M&A involving Red Hat, which

is an outlier in terms of the number of users in our sample, does not materially alter our

results either (see Figure 11).

In large M&A deals, the completion date is several months later than the announcement

date. For most small takeovers in our dataset, the announcement date and the completion

date fall on the same day, which is presumably the actual completion date. This could be

a problem if the true announcement date is much earlier than the indicated announcement

date. This would imply that some workers at the target firm would be aware of the planned

takeover before our “event week”. Also, after the completion date the target firm might be

restructured and workers might be reassigned to different tasks, or even fired, which could

mechanically reduce contributions to repos. In Figure 12, we restrict ourselves to deals where

the announcement date is strictly earlier than the completion date. Even though our sample

is smaller, the results hold.

In the appendix, we replicate our main tests with only GHTorrent data, i.e., without data

from the GitHub API. This is possible because GHTorrent has data on public repos, but

only for a shorter sample period. We get more statistically significant results if we use only

GHTorrent (see Figure A3). GHTorrent data also shows more significant post-treatment

weeks when applying a wider event window (see Figure A4).
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4.3. Code quality

We have documented a substantial drop in output quantity following the merger an-

nouncement. In high-skill jobs like software development, however, the quality of output is

also of first order importance. We consider the monthly bug rate, i.e., the number of newly

detected bugs divided by the number of commits in the same and the previous month, as an

inverse measure of code quality.

We conduct the analysis at the monthly level because labeled issues are created much

less frequently than commits. We consider an event window from three months before to

three months after the month of the takeover announcement, in line with the window used

in the weekly analysis. When constructing the sample for the stacked DiD analysis, we only

include repositories that have non-missing observations for the bug rate during every month

in the observation window, to avoid changes in sample composition across periods. This,

together, with the narrow event window, reduces the number of repos from 979 to 343, by

94 target firms. The average bug rate per commit is 0.046 in the control group.

Stacked difference-in-differences estimates are reported in Table 7, indicating that the bug

rate increases significantly post announcement. The number of bugs per commit increases by

0.24, which amounts to 52% of the mean level in the control group, indicating a substantial

increase in error frequency (column 1). The coefficients are less statistically significant than

in the tests for code quantity. We interpret the increase in the bug rate as suggestive evidence

for a deterioration in code quality.

We find no evidence for diverging pre-trends as indicated by the insignificant, small

coefficient on the interaction term between the treatment group dummy and an indicator for

the third month before the takeover announcement, i.e., the first month in the event window

(column 4).

We also use two alternative definitions of the bug rate, where we normalize the number

of bugs by the total size rather than the number of commits. Specifically, in columns 2 and

3, we replace commits in the denominator with the number of new lines of codes written,
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and the number of changed lines of code, respectively.7 We find the same pattern of results

with these alternative definitions of the outcome, i.e., a significant increase in error frequency

post announcement, and no evidence for diverging pre-trends. In terms of magnitude, the

estimates indicate .008 additional bugs per line of code changed, which is more than a twofold

increase relative to the control group mean.

In Appendix Table A1 we show that the stacked Diff-in-Diff results are robust to using

no regression weights or alternative regression weights.

Since the analysis of the bug rate is based on a different sample than the analysis of output

quantity, we show estimates of the effect of the takeover announcement on the number of

commits in this sample in Appendix Table A2. We find that commits, i.e., coding output,

also drops at the repo level in this sample. In summary, the results indicate that on top of

the drop in output quantity, the takeover announcement also causes a deterioration of work

quality. Statistical significance is lower than in the tests for code quantity, which could be

driven by the smaller sample in the quality regressions.

4.4. Mechanism

There are several a priori reasons why takeovers could have an effect on productivity,

which are not mutually exclusive. Takeover announcements often generate uncertainty re-

garding job security, workplace structure, and future leadership, potentially inducing stress

and anxiety that lower worker performance. They may also divert attention away from core

tasks as employees discuss the implications of the transaction. On the other hand, workers

might also want to exert high effort in order to keep their job or to improve the chance of

obtaining a new job, as in Abou El-Komboz and Goldbeck (2025). Finally, employees might

just pretend to work hard, also with the intention of keeping employment.

7The size of public commits in terms of lines of code added and deleted is available only at the repository
level, not for commits by individual developers as used in the quantity analysis. In column two, we use
the total number of lines of code added in the denominator, while in column 3 we use the maximum of the
number of lines of code added and the number of lines of code deleted, i.e., the total number of lines worked
on.
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Our findings are consistent with the “stress and anxiety” channel and with the “distrac-

tion” hypothesis. The stress and anxiety channel is further backed up by Bach et al. (2025),

who show that takeovers in Sweden have a negative effect on workers’ mental health. Unfor-

tunately, we are not able to clearly distinguish between the stress and distraction channels.

However, our results suggest that workers’ effort signaling — whether honest or fake effort

— is not the dominant mechanism.

In order to support the notion that the main mechanism behind these results has to do

with the possibility of layoffs, we distinguish between takeovers that are likely motivated

by cost-cutting measures (such as layoffs), and deals that are probably motivated by other

reasons (acquiring new technology, new products, etc.).

To this end, we assume that takeovers where the target and the acquirer are in the same

industry, it is more likely that layoffs will follow. Analogously, we assume that between-

industry deals have a different motivation and are less likely to lead to layoffs. The same

proxy is used in the empirical takeover literature, such as Dessaint et al. (2017) and Chen

et al. (2021).8

We create a dummy variableWithin that takes a value of one for within-industry takeovers.

We estimate both OLS and Poisson regressions where we interact the Within dummy with

a Post announcement dummy as well as with a dummy for weeks that are more than three

weeks prior to the announcement week. We also interact Within with quarter-by-year-by-

industry fixed effects.

The results are reported in Table 8. In the case of the OLS regression (column 1), the

point estimate for the interaction term Within × Post announcement has the expected sign,

but it is not statistically significant. However, when estimating a Poisson regression (column

2), the coefficient becomes statistically significant at the 10% confidence level.

As a second test for the mechanism, we exploit the fact that in some states in the U.S.,

8Another study is Ma, Ouimet, and Simintzi (2025). They examine a larger set of U.S. industries than
our sample, but they only use horizontal mergers. They find that it is routine workers that are most likely
to be laid off in the average horizontal takeover.
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firms can easily argue in court that employees who take a job at a competing firm will

inevitably reveal the trade secrets of the previous employer. This is called the Inevitable

Disclosure Doctrine (IDD), which is followed by courts in some states, but not in others.

There is a large literature on the effect of the IDD on firms and on workers, going back

at least to Klasa, Ortiz-Molina, Serfling, and Srinivasan (2018). In particular, Chen et al.

(2021) find that firms headquartered in an IDD state are significantly more likely to be

acquired than companies in other states. They argue that this is because acquirers want

to have access to the target firm’s employees. Without an acquisition, they could not hire

critical workers from other firms due to the IDD. Based on this result, we hypothesize that

target employees in IDD states are not particularly worried about a future layoff, whereas

workers in non-IDD states are either stressed or distracted by the risk of a layoff. Therefore,

we expect the negative effect on worker productivity to be stronger in non-IDD states than

in IDD states.

Our data is particularly appropriate for the IDD analysis. Klasa et al. (2018) write that

“the relevant jurisdiction for the application of the IDD is the state where the employee

works.” Most studies in the IDD literature use headquarter location as a proxy for employee

location. Our data, however, allow us to measure the location of each individual GitHub

user in our sample, which is more precise than just headquarter location. We drop users who

do not report their location in their GitHub profile.

We use the list of states that follow the IDD from Driver, Kolasinski, and Stanfield

(2025) as it is a very recent and detailed study. Table 9 presents the results of a modified

version of our simple event study regression where we interact the variable of interest with

an IDD dummy. In a first step, we drop all users outside of the U.S. and replicate our

simple event study on the smaller sample, in column (1). The coefficient of the post takeover

announcement dummy is still significant at the 5% level, even though the sample size shrinks

from approximately 29,000 to 16,000. In column (2), we interact the post announcement

dummy with the IDD dummy. The post announcement dummy is even more negative at
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−3.6 (p < 1%), while the interaction with the IDD dummy is 4.7 (p < 1%). This implies

that the negative effect of takeovers on work productivity is even larger in non-IDD states

than in the average state. In IDD states, this negative effect is more than offset by the large

positive interaction term.

The negative effect in non-IDD states is consistent with our hypothesis. The positive

interaction term is also consistent with our expectations. However, it is not clear what

explains the fact that the interaction term slightly overcompensates the post announcement

dummy coefficient.

There is some disagreement in the literature on which states follow the IDD and which

do not. As a robustness test, we also use the IDD definitions of two other studies, Li and

Tao (2024) and Na (2020). These results can be found in columns (3) and (4) of Table 9 and

are similar to the results in column (2). We argue that the results in this table are broadly

consistent with the hypothesis that in IDD states, there is no drop in worker productivity,

arguably because these workers are less worried about future layoffs.

As a further robustness test, we want to make sure that no single state is driving our

result. We identify the three states with the largest number of users in our sample: California,

New York, and North Carolina. Then, we repeat the regression from the previous table,

but drop one of these three states. The results can be found in Table 10, columns (1)-(3),

respectively. In all three columns, the post announcement dummy is negative and significant,

and the interaction term with IDD is positive and significant. The statistical significance in

column (1) drops to the 10% level. This is probably because of the reduction in sample size

from 16,000 to 10,000 as we drop California from the sample.

These results collectively suggest that our main findings have something to do with the

possibility of future layoffs. This rules out a possible alternative explanation where our

results is driven by startups that want to be acquired, as is anecdotally often the case in

Silicon Valley. It also rules out the alternative explanation where software developers cut

back on side projects and focus on work tasks following the announcement of a takeover.
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Placebo test. As an additional test of our hypothesis that the results are driven by possible

layoffs, rather than other changes induced by a takeover announcement, we conduct a placebo

test exploiting partial acquisitions. The Capital IQ database allows us to identify partial

acquisitions, defined as acquisitions of a minority stake, or an asset/branch. Since such a

transaction is less likely to imply a change of control in the firm, its announcement should

induce less anxiety about job security among employees at target firms.

Analogously to our main analysis, we identify GitHub users who report to work for

firms that were targets in partial acquisitions in the year prior to the announcement of the

transaction. When imposing the same activity restrictions for admission into the sample

as for the main analysis, we obtain a sample of 283 users at 52 target firms. The average

(median) number of weekly contributions during the last 12 weeks pre-announcement is

slightly lower than in the main sample with 13.6 (5) contributions.

We conduct standard and stacked event studies as well as DiD regressions. The results

are presented in Figures 13 (non-stacked event study) and 14 (stacked event study). The

aggregate DiD estimates are reported in Table 11.

In the simple event study, we see a temporary drop in public activity levels right after

the takeover announcement. It is, however, much shorter lived than the effects we found for

acquisitions of majority stakes, completely vanishing by week seven. Private contributions

seem to be unaffected. The DiD estimates (Panel A of Table 11) are insignificant for both

public and private, as well as for total contributions. The point estimates are also small,

indicating that, on average, users contribute 0.17 fewer actions per week during the 12 weeks

post-treatment relative to the last 3 weeks pre-announcement, which amounts to only 1.25%

of the pre-announcement mean.

The absence of a significant effect is also confirmed in the stacked event study (Figure 14)

and the stacked DiD estimates are again insignificant and close to zero (Panel B of Table 11).

Majority acquisitions are more likely to create a change in control at the target firm

and, therefore, make it easier to impose large layoffs. Our results are stronger for majority
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acquisitions than for partial deals, which is consistent with the hypothesis that the reduction

in productivity has to do with the fear and/or distraction associated with future layoffs.

4.5. Effect magnitude

Is this reduction in output economically meaningful? To assess this, we approximate the

total loss in output across our sample, and the implied monetary loss for the users’ employers.

Our main specification indicates a reduction in weekly output of 1.66 contributions over a

thirteen-week period, starting in the week of the takeover announcement. Based on the

monetary value of a commit, which Holub and Thies (2023) quantify as $112 in 2021, this

output reduction translates into a monetary loss of $2,417 per worker.9 Based on the DiD

estimate of −2 contributions per week for the longer 27 week period, the implied loss would

amount to as much as $6,048 per worker.

Across all 1,181 users we observe in our event study sample, the takeover announcements

imposes productivity reductions values at of $2.8m (short run) to $7.1m (medium-run). How-

ever, this underestimates the aggregate effect, as we only observe a subset of the workers at

each firm. Also, we only observe the subset of target firms that use GitHub for collaboration.

5. Conclusion

We find that after the announcement of an M&A deal, the work output of knowledge

workers at the target firm declines. The data source is GitHub, which allows us to measure

the output of software developers, data scientists, and similar occupations. Our results

suggest that the reduction in productivity is a causal effect. Compared to the unconditional

mean of output, we find a reduction of 9% in a conservative regression specification, and

even larger effects in alternative specifications.

9While Holub and Thies (2023) derive the value of a commit, whereas our estimates refer to contributions,
the correlation between (public) contributions and (public) commits in our analysis sample is very high, at
0.966.
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Although we cannot pin down the exact mechanism, the evidence suggests that it is

related to the threat of future layoffs at the target firm. Our findings are consistent with

the “stress and anxiety” hypothesis, but we cannot rule out other mechanisms. The stress

and anxiety channel is further backed up by Bach et al. (2025), who show that takeovers in

Sweden have a negative effect on workers’ mental health.

The results have implications for both firms and policy makers. For acquirers, they sug-

gest that target firm valuations should incorporate the expected productivity costs associated

with takeovers, potentially implying an optimal downward adjustment in bid prices. Our

data does not allow us to determine to what extent bidders already internalize these costs.

More broadly, the findings indicate that the welfare effects of mergers and acquisitions

extend beyond capital and product markets to include non-trivial productivity and mental

health costs for affected workers. If the main channel is distraction, takeovers lead to tempo-

rary losses in output; if stress and anxiety dominate, they generate both output losses and

private disutility from reduced well-being. Either way, the cost-benefit-analysis of M&As

should take into account these additional costs.
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Holub and Thies (2023 WP)

Fig. 1. Work on public repos mostly happens during work hours.

Fig. 2. Distribution of takeover announcements over time.
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Developers Locations (Year before M&A)

Fig. 3. Geographic distribution of users in the year prior to takeover.
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Fig. 4. Number of contributions around takeover announcements. The figure shows the
weekly average number of contributions to private and public repos in event time. The event
is defined as the announcement week of a takeover. The unit of observation is a user-week
pair. We clean the number of contributions by subtracting user-by-Christmas fixed effects
and holiday fixed effects. There is no control group in this analysis.

Fig. 5. Effect of takeover announcement on the number of total contributions. The figure
shows an event study regression of the number of contributions to private and public repos.
The event is defined as the announcement week of a takeover. The unit of observation is a
user-week pair. Standard errors are clustered at the firm level.
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Fig. 6. Effect of takeovers on the number of total contributions, stacked event study. The
figure shows a stacked event study regression of the number of contributions to private and
public repos. The event is defined as the announcement week of a takeover. The unit of
observation is a user-week pair. Standard errors are clustered at the firm level. We follow
Wing et al. (2024) and use corrective weights to obtain a consistent estimate of the sample-
share-weighted ATT.

Fig. 7. Effect of takeover on the number of contributions to public vs. private repos. The
figure shows a stacked event study regression of the number of contributions to private vs.
public repos, respectively. The event is defined as the announcement week of a takeover.
The unit of observation is a user-week pair. Standard errors are clustered at the firm level.
We follow Wing et al. (2024) and use corrective weights to obtain a consistent estimate of
the sample-share-weighted ATT.
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Fig. 8. Long-term effect of takeovers on the number of total contributions. The figure shows
an event study regression of the number of contributions to private and public repos. The
event is defined as the announcement week of a takeover. The unit of observation is a user-
week pair. Standard errors are clustered at the firm level. The event window is defined over
26 weeks before to 26 weeks after the announcement date.

Fig. 9. Effect of takeovers on the number of total contributions. This figure contains a ro-
bustness with a stacked event study Poisson regression. The outcome variable is the number
of contributions to private and public repos. The event is defined as the announcement week
of a takeover. The unit of observation is a user-week pair. Standard errors are clustered at
the firm level. We follow Wing et al. (2024) and use corrective weights to obtain a consistent
estimate of the sample-share-weighted ATT.
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Fig. 10. Effect of takeovers on the number of total contributions. Robustness test with
stacked event study regressions with different model weights. The left panel, labeled “Alter-
native Weights”, implements Wing et al. (2024) with corrective weights to obtain a consistent
estimate of the trimmed aggregate ATT. The right panel, labeled “Cengiz et al. 2019”, uses
no weights.

Fig. 11. Effect of takeovers on the number of total contributions without Red Hat. We
drop users at Red Hat, the target firm with the largest number of users in our sample. The
figure shows a stacked event study regression of the number of contributions to private and
public repos. The event is defined as the announcement week of a takeover. The unit of
observation is a user-week pair. Standard errors are clustered at the firm level. We follow
Wing et al. (2024) and use corrective weights to obtain a consistent estimate of the sample-
share-weighted ATT.
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Fig. 12. Effect of takeovers on the number of total contributions. Subsample of takeovers
where the announcement date is strictly before the completion date. The figure shows a
stacked event study regression of the number of contributions to private and public repos.
The event is defined as the announcement week of a takeover. The unit of observation is a
user-week pair. Standard errors are clustered at the firm level. We follow Wing et al. (2024)
and use corrective weights to obtain a consistent estimate of the sample-share-weighted ATT.

Fig. 13. Placebo Test: Effect of partial acquisitions on the number of weekly contributions.
Partial acquisitions are defined as acquisitions of a minority stake or an asset or branch.
The figure shows estimates from an event study regression of the number of contributions to
private repos, contributions to public repos, and total contributions (to public and private
repos). The event is defined as the week of announcement of a partial acquisition of the
target company. The unit of observation is a user-week pair. Standard errors are clustered
at the firm level.

35



Fig. 14. Placebo Test: Effect of partial acquisitions on the number of weekly contributions.
Partial acquisitions are defined as acquisitions of a minority stake or an asset or branch. The
figure shows estimates from a stacked event study regression of the number of contributions
to private and public repos. The event is defined as the week of announcement of a partial
acquisition of the target company. The unit of observation is a user-week pair. Standard
errors are clustered at the firm level. We follow Wing et al. (2024) and use corrective weights
to obtain a consistent estimate of the sample-share-weighted ATT.
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Panel A: Full Sample
1st Quartile Median Mean (SD) 3rd Quartile

Total Contributions 0.0 5.0 17.90 (38.48) 21.0
Any Contribution 0.0 1.0 0.69 (0.46) 1.0
Public Contributions 0.0 0.0 6.54 (23.22) 4.0
Private Contributions 0.0 1.0 11.26 (26.17) 12.0
Public Commits 0.0 0.0 4.87 (24.90) 2.0

Developer × Week Observations 571,570
Unique Developers 1235
Target Firms 554

Panel B: Event Study Sample
1st Quartile Median Mean (SD) 3rd Quartile

Total Contributions 0.0 6.0 18.40 (38.22) 22.0
Any Contribution 0.0 1.0 0.70 (0.46) 1.0
Public Contributions 0.0 0.0 6.62 (23.48) 4.0
Private Contributions 0.0 1.0 11.71 (26.30) 13.0
Public Commits 0.0 0.0 4.81 (25.41) 2.0

Developer × Week Observations 29,035
Unique Developers 1181
Target Firms 521

Panel C: Pre- and Post-Treatment Period
Pre-Treatment Post-Treatment Total

Total Contributions 19.63 (41.6) 17.26 (34.7) 18.40
Any Contribution 0.71 (0.46) 0.68 (.46) 0.70
Public Contributions 7.2 (26.3) 6.1 (20.4) 6.6
Private Contributions 12.4 (27.8) 11.1 (24.8) 11.7
Public Commits 5.4 (30.9) 4.3 (18.8) 4.8

Developer × Week Observations 14,056 14,979 29,035

Panel D: Stacked Event Study Sample
Treatment Group Control Group Total

Total Contributions 18.5 (38.6) 19.0 (37.4) 18.98
Any Contribution 0.70 (0.45) 0.72 (0.46) 0.72
Public Contributions 6.7 (23.7) 6.7 (19.5) 6.73
Private Contributions 11.7 (26.5) 12.1 (27.0) 12.09
Public Commits 4.7 (20.6) 4.7 (16.3) 4.71

Developer × Week Observations 28,275 515,350 543,625

Table 1: Summary statistics of user activity. Panel A shows the full sample after merging the
takeover data from Capital IQ, the GitHub user-by-year panel from GHTorrent, and the user
activity data from the GitHub API. Panel B shows the sample used in the event study regressions.
The reduction in sample size is due to the relatively short event window of 12 weeks before to 12
weeks after the takeover announcement week. Panel C splits the event study sample into pre- and
post-treatment periods. Panel D shows the sample used in the stacked event study regressions. The
reason for the increase in sample size is that the same user can serve as a control user for multiple
treated users. Values in Panels C and D are means, with standard deviations in parentheses.
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Dependent Variables: Total Contributions Public Contributions Private Contributions
Model: (1) (2) (3)

Variables
Post Announcement −1.7∗∗∗ −0.89∗∗ −0.72∗

(0.62) (0.35) (0.39)

Fixed-effects
xmas-developer Yes Yes Yes
year-quarter(week)-industry Yes Yes Yes

Fit statistics
Observations 29,035 29,035 29,035
R2 0.59574 0.60917 0.63035
Within R2 0.00088 0.00035 0.00111

Clustered (target) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 2: Effect of takeover announcement on the number of contributions. The table shows
event study regressions with three outcome variables: the number of total contributions to
private and public repos, the number of contributions to public repos, and the number of
contributions to private repos. The event is defined as the announcement week of a takeover.
The unit of observation is a user-week pair. Standard errors are clustered at the firm level.
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Dependent Variables: Total Contr. Public Contr. Private Contr.
Model: (1) (2) (3)

Variables
Post Announc. × Treatment Group −2.59∗∗∗ −0.868 −1.70∗∗∗

(0.957) (0.653) (0.615)

Fixed-effects
developer-stack Yes Yes Yes
stack-event time Yes Yes Yes

Fit statistics
Observations 543,625 543,625 543,625
R2 0.66415 0.59729 0.69000
Within R2 0.00018 6.03× 10−5 0.00016

Clustered (target) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 3: Effect of takeovers on the number of contributions, stacked event study. The table
shows stacked event study regressions with three outcome variables: the number of total
contributions to private and public repos, the number of contributions to public repos, and
the number of contributions to private repos. The event is defined as the announcement week
of a takeover. The unit of observation is a user-week pair. Standard errors are clustered at
the firm level. We follow Wing et al. (2024) and use corrective weights to obtain a consistent
estimate of the sample-share-weighted ATT.
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Dependent Variable: Total Contributions
Model: (1) (2)

Variables
Post Takeover Announcement −2.0∗∗∗

(0.59)
> 10 Weeks Post Announcement −1.9∗∗

(0.87)
0 to 10 Weeks Post Announcement −2.0∗∗∗

(0.59)
> 10 Weeks Pre Announcement 0.92

(0.56)

Fixed-effects
xmas-developer Yes Yes
year-quarter(week)-industry Yes Yes

Fit statistics
Observations 61,474 61,474
R2 0.56788 0.56792
Within R2 0.00090 0.00099

Clustered (target) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 4: Long-term effect of takeovers on the number of total contributions. The table shows
an event study regression of the number of total contributions to private and public repos.
The event is defined as the announcement week of a takeover. The unit of observation is a
user-week pair. Standard errors are clustered at the firm level. The event window is defined
over 26 weeks before to 26 weeks after the announcement date.
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Dependent Variable: Total Contributions
Model: (1) (2)

Alternative weights No weights

Variables
Post Announcement × Treatment Group −1.65∗∗∗ −2.01∗∗∗

(0.609) (0.553)

Fixed-effects
developer-stack Yes Yes
stack-event time Yes Yes

Fit statistics
Observations 543,625 543,625
R2 0.72192 0.65962
Within R2 9.31× 10−5 7.84× 10−5

Clustered (target) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 5: Stacked event study regressions with various regression weights. Column (1)
presents the estimation with alternative regression weights from Wing et al. (2024) to obtain
a consistent estimate of the trimmed aggregate ATT. Column (2) shows the results without
weights, as in Cengiz et al. (2019). The outcome variable is the number of total contributions
to private and public repos.
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Dependent Variables: Total Contr. Public Contr. Private Contr. Total Contr. Public Contr. Private Contr.
Model: (1) (2) (3) (4) (5) (6)

OLS OLS OLS Poisson Poisson Poisson

Variables
Post × Treatment Group −3.1∗∗∗ −0.77 −2.3∗∗∗ −0.15∗∗∗ −0.09 −0.16∗∗∗

(1.0) (0.71) (0.67) (0.04) (0.08) (0.04)
> 4 Weeks Pre × Treatment Group −0.68 0.13 −0.78 −0.04 0.05 −0.06

(1.1) (0.57) (0.84) (0.05) (0.09) (0.04)

Fixed-effects
developer-stack Yes Yes Yes Yes Yes Yes
stack-event time Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 543,625 543,625 543,625 518,950 473,475 457,450
Squared Correlation 0.65925 0.59674 0.68518 0.67823 0.63465 0.69172
Pseudo R2 0.10581 0.10065 0.12239 0.66585 0.68451 0.67059
BIC 5,262,580.1 4,660,196.7 4,862,692.2 7,548,957.8 4,165,575.0 5,378,445.2

Clustered (target) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 6: Stacked difference-in-differences regresssion, OLS & Poisson. Columns (1)–(3) contain estimates from OLS regressions,
while columns (4)–(6) present the results of Poisson regressions. The outcome variables are the total number of contributions
to public and private repos, the number of contributions to public repos, and the number of contributions to private repos,
respectively.
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bugs
commits

bugs
lines changed

bugs
lines added

bugs
commits

bugs
lines changed

bugs
lines added

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

Post × Treated 0.024∗ 0.008∗ 0.008∗ 0.021∗∗ 0.008∗ 0.008∗

(0.013) (0.004) (0.004) (0.009) (0.004) (0.004)
3 Months Pre × Treated -0.008 -.00001 0.0005

(0.018) (0.003) (0.004)

Fixed-effects
repo–stack Yes Yes Yes Yes Yes Yes
event time–stack Yes Yes Yes Yes Yes Yes

Observations 6,517 6,517 6,517 6,517 6,517 6,517
Dep. Var Mean 0.046 0.005 0.006 0.046 0.005 0.006

Clustered (target) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 7: Effect of takeovers on code quality. The table shows estimates from stacked
difference-in-differences regressions for the bug rate at the repository-by-month level. The
outcome variables are defined as the number of new bugs divided by a measure of code
quantity, namely commits created in the current and previous months (Columns 1 and 4),
new lines of code added in commits in the current and previous months (Columns 2 and 5),
or total lines changed in commits in the current and previous months (Columns 3 and 6).
All variables refer to public repositories only.
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Total Contributions
(1) (2)
OLS Poisson

> 3 weeks pre-announcement 0.2554 0.0009
(0.8614) (0.0463)

Post announcement −0.9342 −0.0564∗

(0.6018) (0.0304)
> 3 weeks pre-announcement × Within −1.149 −0.0546

(1.329) (0.0703)
Within × Post announcement −2.047 −0.1119∗

(1.259) (0.0652)

Observations 26,824 25,505
Developer fixed effects ✓ ✓
Type-quarter-year-industry fixed effects ✓ ✓

Table 8: Effect heterogeneity: within- vs. between-industry takeovers. Difference-in-
differences regressions, estimated by OLS and Poisson.
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Dependent Variable: Total Contributions
Model: (1) (2) (3) (4)

Variables
> 3 weeks pre announcement -0.37 -0.62 -1.1 -0.65

(0.82) (1.1) (1.1) (0.86)
Post Takeover announcement -2.1∗∗ -3.6∗∗∗ -3.6∗∗∗ -2.5∗∗

(1.0) (1.4) (1.3) (1.1)
> 3 weeks pre × IDD 0.83 2.1 3.2

(1.4) (1.8) (2.5)
IDD × Post announcement 4.7∗∗∗ 4.4∗∗∗ 4.3∗∗

(1.5) (1.5) (2.0)
IDD: Driver et al. (2025) Li & Tao (2024) Na (2020)

Fixed-effects
xmas-developer Yes Yes Yes Yes
year-quarter-industry Yes Yes Yes Yes

Fit statistics
Observations 16,356 16,356 16,356 16,356
R2 0.59663 0.59718 0.59696 0.59673
Within R2 0.00228 0.00363 0.00311 0.00254

Clustered (target) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 9: Effect heterogeneity: takeovers in states applying the Inevitable Disclosure Doctrine
(IDD) vs. other states. Difference-in-differences regressions estimated by OLS. Column (1)
is estimated on the subsample of developers located in the U.S. and reporting a state level
location. Columns (2)–(4) add interaction terms with an indicator taking value one if the
developer’s state of residence applies the IDD. Across the columns different classifications
based on the papers mentioned in the bottom row are used.
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Dependent Variable: Total Contributions
Model: (1) (2) (3)

Variables
> 3 weeks pre announcement -0.63 -0.49 -0.68

(1.2) (1.1) (1.0)
Post announcement -2.0∗ -3.6∗∗∗ -3.6∗∗∗

(1.1) (1.4) (1.4)
> 3 weeks pre announcement × IDD 0.59 1.7 0.73

(1.5) (1.7) (1.5)
IDD × Post Takeover announcement 4.0∗∗ 5.5∗∗∗ 4.6∗∗∗

(1.6) (1.7) (1.5)
State dropped: CA NY NC

Fixed-effects
xmas-developer Yes Yes Yes
year-quarter-industry Yes Yes Yes

Fit statistics
Observations 10,586 14,640 15,411
R2 0.62068 0.60064 0.59479
Within R2 0.00403 0.00382 0.00358

Clustered (target) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 10: Effect heterogeneity by IDD adoption: Robustness tests. The table repeats the
heterogeneity analysis based on whether states apply the IDD (see Table 9). Across columns,
individual states are dropped from the sample, as indicated in the bottom row.
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Dependent Variables: Total Public Private
Contributions Contributions Contributions

Panel A. Simple Diff-in-Diff

Post Announcement -0.17 -0.28 -0.21
(1.1) (0.72) (0.49)

> 3 Weeks Pre Announcement 0.96 0.25 0.71
(1.5) (1.1) (1.0)

Fixed-effects
xmas-developer Yes Yes Yes
year-quarter-industry Yes Yes Yes

Observations 18,318 18,318 18,318
R2 0.55 0.507 0.63

Panel B. Stacked Diff-in-Diff

Post × Treatment Group -0.19 0.66 -0.91
(1.8) (0.74) (1.8)

> 3 Weeks Pre × Treatment Group -0.10 -0.22 0.10
(2.0) (0.50) (2.1)

Fixed-effects
developer-stack Yes Yes Yes
stack-event time Yes Yes Yes

Observations 26,525 26,525 26,525
R2 0.62 0.596 0.61
Dep. Var. Mean (Pre-Announc.) 13.6 3.5 10.05

Clustered (target) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 11: Placebo Test: Effect of partial acquisitions on the number of weekly contributions.
Panel A depicts estimates from non-stacked DiD estimations, Panel B shows results from
stacked DiD estimations following Wing et al. (2024) with corrective weights to obtain a
consistent estimate of the sample-share-weighted ATT. Partial acquisitions are defined as
acquisitions of a minority stake or an asset or branch. The table shows estimation results for
three outcome variables: the number of total contributions to private and public repos, the
number of contributions to public repos, and the number of contributions to private repos.
The event is defined as the announcement week of a takeover. The unit of observation is a
user-week pair. Standard errors are clustered at the firm level.
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Appendix A. Additional results

Fig. A1. Number of contributions to private repos around takeover announcements. The
figure shows the weekly average number of contributions to private repos in event time.
The event is defined as the announcement week of a takeover. The unit of observation is
a user-week pair. We clean the number of contributions by subtracting user-by-Christmas
fixed effects and holiday fixed effects. There is no control group in this analysis.

48



Fig. A2. Number of contributions to public repos around takeover announcements. The
figure shows the weekly average number of contributions to public repos in event time. The
event is defined as the announcement week of a takeover. The unit of observation is a user-
week pair. We clean the number of contributions by subtracting user-by-Christmas fixed
effects and holiday fixed effects. There is no control group in this analysis.

Fig. A3. Effect of takeovers on the number of public contributions. This figure contains
a robustness with a event study based on data on GitHub activities in public repos from
GHTorrent.
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Fig. A4. Long-run Effect of takeovers on the number of public contributions. This figure
contains a robustness with a event study based on data on GitHub activities in public repos
from GHTorrent.

bugs
commits

bugs
lines changed

bugs
lines added

bugs
commits

bugs
lines changed

bugs
lines added

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

Post × Treated 0.007 0.004∗∗ 0.004∗∗ 0.012∗ 0.005∗∗ 0.005∗∗

(0.009) (0.002) (0.002) (0.007) (0.002) (0.002)

Fixed-effects
repo Yes Yes Yes Yes Yes Yes
event time–stack Yes Yes Yes Yes Yes Yes

Observations 6,517 6,517 6,517 6,517 6,517 6,517

Clustered (target) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table A1: Effect of takeovers on code quality. The table shows estimates from stacked
difference-in-differences regressions for the bug rate at the repository-by-month level. The
outcome variables are defined as the number of new bugs divided by a measure of code
quantity, namely commits created in the current and previous months (Columns 1 and 4),
new lines of code added in commits in the current and previous months (Columns 2 and 5),
or total lines changed in commits in the current and previous months (Columns 3 and 6). All
variables refer to public repositories only. Columns (1)–(3) show the results with alternative
regression weights from Wing et al. (2024) to obtain a consistent estimate of the trimmed
aggregate ATT, while Columns (4)–(6) show results from regressions without weights, as in
Cengiz et al. (2019).
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Dependent Variable: Commits (Repo Level)
(1) (2) (3)

Variables
3 Months Pre Announcement × Treated −9.73 1.41 1.08

(6.45) (4.60) (3.72)
Treated × Post Announcement −15.7∗∗ −5.77∗ −7.17∗∗

(6.93) (3.41) (3.34)

Fixed-effects
repo-stack Yes Yes Yes
event time–stack Yes Yes Yes

Observations 6,517 6,517 6,517
Mean Dep. Var. 46.5 46.5 46.5

Clustered (target) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table A2: Effect of takeovers on the number of commits in the sample used in the code quality
estimations. The table shows estimates from stacked difference-in-differences regressions for
the number of commits at the repository-by-month level. The estimation is done on the
sample used in the regressions for the bug rate. All variables refer to public repositories
only. Column (1) shows the results with the corrective regression weights from Wing et al.
(2024) to obtain a consistent estimate of the sample-share-weighted ATT, Column (2) shows
the results with alternative regression weights from Wing et al. (2024) to obtain a consistent
estimate of the trimmed aggregate ATT, while Columns (3) shows the estimate from a
regression without weights, as in Cengiz et al. (2019).
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Appendix B. Comparison of M&A deal coverage in Cap-

ital IQ and Refinitiv

In Capital IQ, the dataset contains approximately 24,300 M&A deals announced in 2016.

To assess the relative coverage of Capital IQ against the LSEG Refinitiv (formerly SDC

Platinum) database, we apply the following filters in Refinitiv:

• Universe: Deals

• Asset Class: M&A

• Announcement Date: January 1 – December 31, 2016

• Nation of Headquarters: United States and Canada

Applying these filters yields a sample of 14,330 deals. When we further restrict the

sample to transactions with a Deal Status of Withdrawn, Completed, Tentative, or Pending,

only two additional observations are excluded.

For comparability, the filters used in Capital IQ are as follows:

• Transaction Type: M&A

• Private Equity Deals: Included (no direct analogue identified in Refinitiv)

• Geographic Scope: United States and Canada

• Announcement Date Range: January 1 – December 31, 2016

• Transaction Status: Announced, Completed, or Terminated/Withdrawn

Repeating the same comparison for 2018 yields 22,900 deals in Capital IQ and 16,523

deals in Refinitiv. Overall, Capital IQ demonstrates broader coverage of M&A transactions.

Therefore, for the purposes of this analysis, we rely on Capital IQ as the primary data source

for M&A deal information.
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