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ABSTRACT. This paper studies how a manager’s tone when giving feedback to workers affects
individual productivity and output quality. We construct a novel panel dataset that links software
engineers and managers to their email communications and code contributions on the largest open
source software project, the Linux kernel. We identify tones used in the emails (e.g., toxic, polite,
encouraging) using natural language processing and machine learning techniques. We find a strong
negative relationship between manager toxicity and engineer productivity. Using an instrumental
variables design to address endogeneity in a manager’s choice of tone, we find that receiving toxic
feedback from a manager reduces the likelihood that an engineer completes a programming task,
increases the amount of time to task completion, and decreases the likelihood that an engineer

completes more tasks in the next 30 days.
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1. INTRODUCTION

Managers matter for firm and worker productivity. But what specific skills or traits make for
a productivity-enhancing manager? There is increasing evidence that bundled manager qualities
such as leadership and organizational skills can increase productivity at the firm or team level
(e.g., Syverson, 2011; Bandiera et al., 2020; Gosnell et al., 2020) and reduce turnover (e.g., Lazear
et al., 2015; Hoffman and Tadelis, 2021; Alan et al., 2023), and that such skills are associated with
better labor market outcomes for the managers themselves (e.g., Bertrand and Schoar, 2003; Kuhn
and Weinberger, 2005). However, less is known about how specific managerial traits affect worker
productivity. Furthermore, existing work on individual worker output is scarce and is primarily
limited to routine occupations where output is more homogeneous and thus easier to measure.

This paper investigates the effects of one particular managerial characteristic: a manager’s
feedback style, i.e., whether they use aggressive (e.g., toxic) or non-aggressive (e.g., encouraging)
language when giving feedback. Giving feedback is a core responsibility of managers in all industries,
and prior work finds evidence that workers who feel that they are treated better are more productive
(e.g., Krueger and Mas, 2004). However, there is virtually no empirical evidence on whether
manager communication style affects worker productivity. One-on-one communication is typically
not recorded or accessible, as it is exchanged either in-person or over private channels. There is
also little evidence on how managers affect worker productivity in high-skill occupations such as
engineering since individual output is heterogeneous and difficult to quantify.

We overcome these challenges and provide new empirical evidence on the extent to which
communication style matters for worker productivity and turnover in a high-skill worker setting.
We construct a novel dataset in which we observe email communications between workers and
managers as well as individual output produced. We document, for the first time, the relationship
between manager tone and worker outcomes, including the speed at which they complete tasks
and their involvement on future tasks. We use multiple empirical strategies to credibly identify
the effects of tone on worker outcomes, including an instrumental variables strategy that addresses
concerns of correlations between manager tone and latent worker ability and of assignment bias
caused by managers sorting to higher ability workers.

We study communication between engineers who work on the Linux kernel, the largest open
source software project to date. Most engineers who work on the project do so as employees

of software and hardware firms. Thus, just like software engineers in private firms (e.g., Emanuel



et al., 2023), “contributors” to the Linux kernel have their code scrutinized in a code review process.
Code review is primarily performed by engineers who act as “maintainers.” It is their job to check,
provide feedback on, and approve contributions (“patches”) to the code base. Importantly, an
unusual and novel feature of our setting is that all communication between maintainer—contributor
pairs is publicly available. Because no single employer dominates the development of the Linux
kernel, code review is done online in full transparency. Emails are the key mode of communication
on the project, and all email communications include engineers’ full names and firm affiliations.
Moreover, feedback style is anecdotally salient in the project, as tone became a topic of lengthy
controversy during the 2010s, the period that we study.

Leveraging the open source nature of the project, we construct a unique panel on contributors,
maintainers, their code, and their email exchanges. We link these exchanges to LinkedIn data by
name and firm affiliation to obtain information on contributor demographics, including gender,
race, education, work experience, seniority at the firm, and job transitions.

We characterize each email using a discrete range of key communication tones: toxic, neutral,
appreciative, and encouraging. We measure communication style and output quality using state-
of-the-art measures developed in the computer science literature. To measure email tone, we
treat the text in the emails as raw data and apply a host of natural language processing (NLP)
techniques. Our simplest specification is an n-gram based method that indicates whether words
and phrases associated with different tones appear in the emails. We also use a transformer-based
model developed by Sarker et al. (2023) specifically for detecting toxicity in code reviews, a topic
that has received much attention in the computer science literature.!

Finally, we evaluate whether tone has causal effects on contributor output. We use multiple
empirical strategies to identify the causal effects of tone on two key outcomes: “patch completion,”
i.e., securing maintainer approval for one’s submitted code and the submission of new patches in the
future. Each strategy addresses a different set of threats to identification, including measurement
error in tone, and potential bias in the assignment maintainers to contributors in code review. We
first use an instrumental variables (IV) approach to address the possible correlation between the
quality of submitted code and the tone of the maintainer. Leveraging the large number of emails

per person, we instrument for a manager’s tone in a particular thread with their tone in prior email

!Toxicity in particular has been a focus of research around the tone of code reviews in research from, for instance,
Google. Their results point to the prevalence of second person pronouns in code review messages which they flag as
toxic (Qiu et al., 2022). Identifying these phrases in our communications offers a point of comparison for our own
tone identification as well as an additional dimension of communication: direction.



threads. However, this method is susceptible to assignment bias, and there is anecdotal evidence
that some maintainers purposefully employ toxic language against contributors who submit code
that they deem sub-par. We therefore use the same IV approach on small mailing lists only, which
are responsible for more specialized areas of the kernel and are more likely to be associated with
a single maintainer. In ongoing work, we are also implementing mover designs in which we apply
the IV approach to interactions involving a first-time contributor, a newly moved contributor, or a
newly moved maintainer.

Our first main finding is that contributors and maintainers alike use a wide range of tones
during code review, even after conditioning on the content being discussed. The majority of emails
use neutral language only (73%). Relatively few emails use outright toxic language (2%). A
larger share express appreciation (6%), using phrases like “thanks” or “I really appreciate,” or
encouragement (6.6%), using phrases like “this is good” or “I like ...”.

Our second main finding is that certain tones predict other tones, both in the immediate
conversation as well as in future email threads. For instance, toxicity begets toxicity: those who
receive a toxic message are 6% more likely to send a toxic message in reply, and 4% more likely to
send a toxic message in the future on a different email thread. To a lesser degree, politeness also
predicts politeness: those who receive a polite message are 8% more likely to send a polite message
in reply, but are no more likely to send a polite message in the future. Gratitude and appreciation
are typically only delivered in one direction (e.g., from contributor to maintainer, or vice versa),
but receiving messages that convey gratitude or appreciation increases the likelihood that one uses
a grateful or appreciative tone in future messages by 1.8%.

Our third main finding is that there are systematic patterns in how manager feedback tone
relates to engineer productivity. Our IV estimates show a strong negative relationship between
maintainer toxicity and the likelihood that a contributor completes their patch (Table 1). On the
other end of the spectrum, contributors who receive an encouraging message from a maintainer
have a slower than average initial response time, but are more likely to complete patches in the
next 30 days. Our identification strategy, which addresses measurement error in tone as well as
assignment bias of maintainers to contributors, shows larger effects than the corresponding OLS
estimates. This highlights the importance of using empirical strategies that address attenuation

bias in OLS estimates.



2. RELATED LITERATURE

This paper contributes to a vast literature on the effects of management practices on productivity
(Bertrand and Schoar, 2003; Bloom and Van Reenen, 2007; Syverson, 2011; Bandiera et al., 2020;
Adhvaryu et al., 2023a). An increasing number of studies link management practices to individual-
level output (Ichniowski et al., 1997; Ichniowski and Shaw, 2003; Bloom et al., 2013; Gosnell et al.,
2020; Hoffman and Tadelis, 2021; Alan et al., 2023) or team-level output (Chen, 2021; Weidmann
and Deming, 2021; Fenizia, 2022; Adhvaryu et al., 2023b). Much of the related literature focuses
on the effects of management practices on the output of rote work. For example, Krueger and Mas
(2004) find that plant workers provide “more effort and due diligence” if they feel they are treated
better. However, more recent studies have begun to tackle either the effects of managerial “soft
skills” or the output of highly-skilled labor. For example, Hoffman and Tadelis (2021) find that
managers with better people management skills reduce worker turnover and appear to be rewarded
by the firm for these skills, and Gosnell et al. (2020) find that “pertinent” management practices
can also impact the productivity of more highly-skilled labor (namely, airline captains).

Our paper tackles both margins—by studying the output of highly-educated software engineers
and implementing new measures of communication skills—and in doing so, contributes further

evidence to the nascent literature that soft skills matter for worker output.
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TABLE 1. Baseline Results of Maintainer Toxicity on Contributor Outcomes

First Stage OLS I\Y Reduced Form
(1) (2) 3) (4)
A. Time to first response (hours)
Maintainer’s avg. toxicity on other patches 1.55%** -22.04
(0.06) (29.96)
Maintainer toxicity on current patch -3.95™* -14.21
(1.74) (19.31)
N 109,021 109,021 109,021 109,021
First stage F-stat 741.03
Mean of Dependent Variable 0.03 29.01
B. Likelihood of patch completion
Maintainer’s avg. toxicity on other patches 1.26™** -1.81***
(0.03) (0.10)
Maintainer toxicity on current patch -0.07*" -1.44**F
(0.01) (0.08)
N 244,798 244,798 244,798 244,798
First stage F-stat 1,439.39
Mean of Dependent Variable 0.02 0.46
C. Time to patch completion
Maintainer’s avg. toxicity on other patches 0.66™"* 59.00"
(0.06) (34.45)
Maintainer toxicity on current patch 3.02 89.96"
(2.34) (53.07)
N 76,960 76,960 76,960 76,960
First stage F-stat 131.02
Mean of Dependent Variable 0.02 30.22

Maintainer’s avg. toxicity on other patches
Maintainer toxicity on current patch

N
First stage F-stat
Mean of Dependent Variable

D. Likelihood of future patch completion (next 30 days)

1.23% -0.31***
(0.03) (0.05)
0.01  -0.25"*
(0.00)  (0.04)
214,987 214,987 214,987 214,987
1,229.56
0.02 0.51

Note: The sample in each regression above includes messages (i) from maintainers (ii) that are in re-
sponse to patches (iii) that are not their own. All regressions include controls for contributor (employee),
list, and year fixed effects, along with the number of files changed, line insertions and deletions of the
patch, the number of patches previously submitted by both the maintainer and the contributor, and
whether the patch was submitted by another maintainer. In Panel A, the dependent variable is the num-
ber of hours before the first response to the maintainer’s code review message. In Panel B, the dependent
variable is a dummy variable for whether the patch is ever completed. In Panel C, the dependent vari-
able is the number of days between the initial patch submission and patch completion. In Panel D, the
dependent variable is the fraction of a contributor’s patches submitted in the next 30 days (excluding re-
submissions of the current patch) that become commits. * Significant at 10% level, ** Significant at 5%

level, *** Significant at 1% level.
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