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Abstract

We study the impacts of AI coding assistants and agents on software engineering work, using

a novel proprietary dataset from an engineering analytics platform, covering 300 million work

events — including GitHub coding activity, Jira issues, and Google Calendar events — across

718 firms. We use a staggered difference-in-differences design, exploiting variation in firm-

level adoption timing of AI coding assistants and agents. Both technologies increase coding

productivity. However, productivity gains do not fully pass through to changes in software output

or employment. For AI agents, this incomplete pass-through reflects a bottleneck from code

review: review times increase, a larger share of code updates require revisions, and reviews

involve more comments. We develop a model of software production to structure these results, in

which AI affects both productivity and quality of intermediate outputs, and in turn can generate

a review bottleneck and limit pass-through.
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1 Introduction

Descriptions of generative AI’s economic impacts often invoke both visions of abundance and

concerns about widespread unemployment. Today’s most prominent AI leaders have not shied away

from bold proclamations: for instance, Dario Amodei has touted the promise of “a country of geniuses

in a data center” while warning of “an oncoming white collar bloodbath” (Amodei, 2024; VandeHei

& Allen, 2025). Many have described AI as potentially the most transformative technology since

electricity or the printing press (Ng, 2017; Stackpole, 2024; C. Jones, 2026).

How has AI affected worker productivity, firm output, and employment? Though there is

substantial evidence that AI can raise productivity on specific tasks (Noy & Zhang, 2023; Peng et al.,

2023; Brynjolfsson, Li, & Raymond, 2025), these gains may not translate into commensurate changes

in firm output or employment. Production processes typically involve multiple complementary tasks

that are differentially exposed to AI. As a result, output may be constrained by “bottleneck” tasks,

the nature of tasks may evolve, and firms may need to reallocate labor accordingly (Kremer, 1993;

Aghion et al., 2017; Brynjolfsson et al., 2018; Acemoglu & Restrepo, 2019; Autor, 2022; Acemoglu,

2024; B. Jones, 2025; Gans & Goldfarb, 2026; C. Jones & Tonetti, 2026).

We study the impacts of firm AI adoption on software engineering work — a context that

has experienced significant advancements in AI capabilities and take-up of AI (Kinder et al., 2024;

Eloundou et al., 2024). Early versions of AI “assistants” could provide workers with real-time code

suggestions, directly in their coding interfaces or through chat interfaces. More recently, firms have

begun utilizing “agentic” tools, which have the capacity to semi-autonomously complete tasks of

significant length and complexity. We examine the impacts of adoption of both AI coding assistants

and AI coding agents.

We use a novel proprietary dataset from Jellyfish (JF), a software firm whose main product is an

analytics platform for companies to understand the activity of their engineering teams. Our data

provides information on approximately 300 million work events of 700,000 workers across 700 firms,

from January 2021 to March 2026. JF integrates data from five sources: (1) HR information; (2) code

version control systems, such as GitHub, which provide information on engineers’ coding activity;

(3) issue management systems, such as Jira, which indicate engineers’ assignment to and progress

on tasks and projects; (4) scheduling tools, such as Google Calendar, which provide information on
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meeting activity and time allocation; and (5) generative AI usage, for GitHub Copilot, Cursor, and

Claude Code. The scope of our data allows us to observe the full software production pipeline, from

intermediate measures of coding activity to final software output, as well as employment, and to tie

changes in these outcomes to AI adoption.

We estimate the effects of AI adoption using a staggered difference-in-differences design, exploit-

ing variation in the timing of firms’ adoption of AI coding assistants and agents. Our identification

strategy relies on the assumption that absent adoption, early versus late and non-adopting firms

would have followed similar trajectories in outcomes. In practice, the technology procurement process

typically involves a number of steps — including information gathering, security and legal approval,

and small-scale piloting (Rapoport et al., 2025; IBM, 2024). The lengths of these processes differ

significantly across firms, in a way that is plausibly orthogonal to firms’ growth trajectories.

We begin by studying the effects of generative AI tools on coding productivity, using three

common measures of coding output: lines of code added; commits, which represent incremental

saved changes to code; and pull requests, which represent larger code submissions for review. AI

assistants lead to small increases in code output — 12% for lines of code, 9% for commits, and 5% for

pull requests — with only the effect on commits being statistically significant. AI agents lead to large

and significant increases in all three measures: 30% for lines of code, 20% for commits, and 23% for

pull requests. These estimates are consistent with, though on the lower end of recent work on the

effects of generative AI tools on coding productivity (Cui et al., 2024; Hoffmann et al., 2024; Song et

al., 2024; Sarkar, 2025; Demirer, Musolff, & Yang, 2026).
1

Does the extra code written translate into increases in firm-level software output? In principle,

extra code may not generate new useful output for the firm: code may be subject to errors; and

even if it is not subject to errors, it may not be deployed. We next ask whether these productivity

gains translate into increases in firm-level software output, using two measures of output: resolution

of Jira issues, which occurs once a body of coding work is deployed to production; and resolution

of Jira epics, which represent completion of entire projects or features. We find small positive, but

statistically insignificant, effects on both measures following adoption of AI assistants and AI agents.

For agents, our estimates rule out an increase in output of larger than 12% of the baseline mean —

well below the 30% individual-level productivity gain — suggesting that firm-level output does not

1
The lower estimate likely reflects the fact that we are using firm-level adoption as our treatment definition, rather

than individual-level adoption — and thus, the estimate aggregates heterogeneity in take-up.
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scale one-for-one with coding productivity. One concern is that AI adoption may lead to an increase

in size or complexity of issues, such that the raw issue count would understate true output growth.

We address this by using machine learning methods to predict the length of time it would take for an

engineer to resolve an issue. We find no evidence of an effect on the average predicted length of each

issue.

Finally, we study the effects of AI adoption on employment. Many companies have stated that AI

tools are already affecting demand for software engineers, with some firms announcing layoffs due

to AI (e.g., Kessler, 2023; Roose, 2025), and others announcing increases in hiring (e.g., Stanley, 2025).

We assess the effect on overall employment — measured by the total number of workers indicating

employment at a firm on LinkedIn — as well as engineering employment —measured by the number of

active workers on Jellyfish. With both outcome measures, we cannot attribute significant employment

changes to AI. For AI agents, we estimate a precise zero effect on overall employment, ruling out

a decline greater than 2.9%; and a noisier zero effect on engineering employment, ruling out a

decline greater than 13.8%. In both cases, these estimates rule out a full pass-through of the coding

productivity gain to cuts in employment. With AI assistants, we estimate a precise zero effect on

overall employment, but the effect on engineering employment is more ambiguous due to differential

pre-trends in the assistant specification.

Taken together, our results show that while AI tools substantially raise coding productivity,

these gains do not translate into proportional changes in software output or employment. How can

we reconcile these findings?

We turn to examining the structure of software production and firms’ organizational responses.

Writing code is only one step in a multi-stage production process: upstream, managers must plan

and scope features; downstream, written code must be reviewed and tested before it can be deployed

to production. We impute time usage from the Jellyfish data and validate this imputation using a

survey of 100 Prolific engineers, finding that engineers spend 30-40% of their time writing code;

the remainder goes to these complementary tasks. When AI raises productivity in code writing,

complementary steps may serve as bottlenecks.

We find evidence of a bottleneck from the code review process: The average time to review a

pull request increases by 49%, the share of pull requests with changes requested nearly doubles, and

the number of comments per pull request increases by 35%. Firms also reallocate labor toward review

activities: the share of workers performing code reviews increases by 14%. This bottleneck persists
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following the adoption of AI code review tools. Although firms increasingly use AI to assist with

code review, human reviewers continue to play a central role in the review process.

We develop a model of software production and AI adoption to interpret our empirical findings

and their managerial and policy implications. In the model, software development consists of two

complementary stages: code writing and code review. AI adoption affects the code-writing stage

through two channels: it increases the productivity of coders while also changing the quality of

draft code entering review. The first channel increases the volume of code requiring review, while

the second changes the amount of review effort required per unit of code. Together, these forces

shape the demand for code review and can generate bottlenecks in the software production process.

However, the two channels have different implications for labor demand. Assuming that output is

comparatively fixed, higher coding productivity reduces labor demand by lowering the amount of

coding labor required to produce a given level of output. By contrast, changes in code quality affect

the amount of downstream verification required, potentially increasing demand for review labor and

shifting labor toward code review.

Related literature. Our project contributes to several literatures. First, a new but rapidly growing

literature examines the empirical effects of AI on the labor market. Numerous papers have examined

the impacts of AI on task-specific productivity, finding gains across a wide range of settings, including

writing (Noy & Zhang, 2023), customer support (Brynjolfsson, Li, & Raymond, 2025), and more (Choi

& Schwarcz, 2023; Dell’Acqua et al., 2023; Chen & Chan, 2024; Kim et al., 2024; Otis et al., 2024;

Roldan-Mones, 2024; Dell’Acqua et al., 2025; Dillon et al., 2025; Manzoor et al., 2025). More recently,

the literature on AI has turned to assessing the impacts of AI on firm output and employment. The

empirical evidence on AI’s employment effects has been mixed thus far, with some papers finding

employment changes, particularly losses for entry-level workers (Brynjolfsson, Chandar, & Chen,

2025; de Souza, 2025; Klein Teeselink, 2025; Lichtinger & Hosseini Maasoum, 2025), and others finding

no employment effect (Humlum & Vestergaard, 2025; Gimbel et al., 2025; Iscenko & Millet, 2026).

We contribute to this literature in two ways. First, we estimate the effects of firm-level adoption

of AI tools, rather than individual AI usage. This allows us to capture the aggregate impacts of

AI, accounting for incomplete take-up and heterogeneous utility across workers. Furthermore, it

allows us to estimate not only a productivity effect, but also the associated effects on firm output,

employment, and firm organization. Second, we provide estimates of these effects across generations
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of AI coding tools, allowing us to examine how the impacts of AI evolve as the technology improves.

Second, a broader economics literature examines how productivity gains translate to changes

in firm output and employment. Although the empirical literature on AI’s effects on output and

employment is growing, it is often less clear why productivity gains do — or do not — pass through to

these downstream outcomes. A large theoretical literature provides structure to understand this pass-

through. While new technologies can create productivity gains in individual tasks, complementary

tasks can serve as “bottlenecks”, constraining changes in output and shaping the reallocation of labor

(e.g., Kremer, 1993; B. Jones, 2025; Demirer, Horton, et al., 2026; Gans & Goldfarb, 2026; C. Jones &

Tonetti, 2026). Relatedly, task-based models characterize how new technologies reshape the allocation

of labor across tasks, determining whether they augment labor, substitute for labor, or create new

work (e.g., Acemoglu & Restrepo, 2018; Acemoglu, 2024). However, limitations in detailed micro-data

make it difficult to directly test the empirical importance of these theoretical mechanisms. Our paper

contributes to this literature by providing direct empirical evidence on the importance of these

channels.

Third, a related literature examines how organizations adapt to technology adoption. This

work argues that realizing the benefits of new technologies requires complementary organizational

investments — including changes to workflows, incentive structures, and other managerial practices —

rather than technological adoption alone (e.g., Bresnahan et al., 2002; Aral et al., 2012; Brynjolfsson et

al., 2018; Seamans & Raj, 2019; Berg et al., 2023; Agrawal et al., 2024). We contribute to this literature

by demonstrating how firms adapt to AI adoption by changing the structure of the code review

process and reallocating labor towards this bottleneck. Relatedly, a marketing literature examines

how firms organize the process of transforming ideas into successful products, emphasizing the

integrated roles of marketing capabilities and organizational structure (e.g., Griffin & Hauser, 1996;

Hauser et al., 2006; Mu, 2015; Kyriakopoulos et al., 2015). More recently, this literature has begun

examining how generative AI reshapes marketing content and competition in product markets (Guha

et al., 2021; Cillo & Rubera, 2025; Exner et al., 2025; Goldberg & Lam, 2025). We contribute to this

literature by providing insights into the effects of AI on the product development process in software

engineering.

Finally, within these literatures, several papers study the impacts of AI on software engineering.

Studies generally find widespread adoption of AI coding tools across occupations and tasks (Johnston

et al., 2026). Many have also found that these tools improve worker productivity, measured by coding

6



output and task completion time (Peng et al., 2023; Cui et al., 2024; Song et al., 2024) — though

some report negative effects (Becker et al., 2025). A subset of studies have examined the impacts on

work patterns, demonstrating shifts in individual work activity and AI usage patterns (Hoffmann et

al., 2024; Yeverechyahu et al., 2024; Sarkar, 2025; Sarkar & Melas-Kyriazi, 2026). The most closely

related paper is Demirer, Musolff, & Yang (2026). Using data on open-source coding repositories,

Demirer, Musolff, & Yang (2026) show that GitHub Copilot adoption substantially increases lines

of code written and commits, but has much smaller effects on pull requests and product releases.

Demirer, Musolff, & Yang (2026) attribute this incomplete pass-through to human bottlenecks in the

production process. Relative to these papers, our main contribution is to examine the effects of AI

adoption in a firm setting, in which features of the production process and organizational structure

may shape effects. This allows us to more directly identify the nature of bottlenecks, and the way

that firms reorganize in response.

The rest of the paper proceeds as follows. In Section 2, we describe our data and institutional

details about AI, including details about the data classification and AI take-up. In Section 3, we

describe the effects of AI on productivity, output, and employment. In Section 4, we provide evidence

on production bottlenecks. In Section 5, we describe the model. In Section 6, we conclude.

2 Data and institutional context

This section summarizes the data used in our analysis, and provides background on technology firms

and generative AI coding tools.

2.1 Data sources

Jellyfish data. Our primary source of data is Jellyfish (“JF”), an analytics platform used by firms

to understand the activity of their software engineering teams. Firms use JF to monitor software

activity and project progress, and to understand the engineers’ productivity, including in relation to

their use of AI coding tools. To provide these analytics, JF integrates data on engineers’ activity from

several sources. We make use of five sources throughout our analysis.

We analyze a sample of data from JF clients who have consented to their data being used

for research, between January 2021 and March 2026. There are 725,938 workers across 718 firms
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(Appendix Table 1).

Software production typically follows well-defined and documented processes, consisting of

four main stages (Pressman, 2010; Atlassian, 2026). First, teams determine which software changes to

implement — this process typically involves integrating customer requests with internal product and

engineering objectives. Second, engineers implement these tasks by writing code. Third, teammates

will review and test the proposed code. This process typically involves tests that verify the correctness

of the code and its integration with the broader code base, as well as its functionality from the user’s

perspective. Finally, once approved, the code is deployed to production. Our data provides insights

into each stage of this process. Figure 1 visualizes this workflow and the data generated at each stage.

Issue tracking data. Software teams employ “issue tracking” systems to organize, assign, and

monitor engineering work.
2
Work is typically organized hierarchically. Related work items are

grouped within “projects”, which often contain one or more “epics” representing large features or

initiatives. Epics are in turn decomposed into individual “issues,” which represent discrete units of

engineering work that can be assigned to engineers.

Each issue can include a text description, links to related issues, the issue category (e.g., “Task”,

“Bug”, or “Service Request”). The text description of each issue is typically rich: in our analysis sample,

the median length of the description is 580 characters. We provide two examples of the Jira interface

in Figure 2. Panel A displays an example of a team’s Jira board, which provides an overview of its

issues, including their statuses. Panel B displays an example of an individual Jira issue, including its

associated fields.

Engineers track the progress on tasks and projects through status updates. When an issue is

first created, it is marked as “To do”. Eventually, once a team decides to work on it, it gets assigned

to a worker and marked as “In progress.” An engineer then writes code for the issue; this code is

tracked by the version control systems discussed below. Once the code has been written, reviewed

and tested, and deployed, a team member marks the issue as “resolved” — i.e., complete. In turn,

we view completion of a Jira issue as marking the end of a discrete unit of work. Once all of the

issues associated with an epic have been completed and deployed, a team member marks the epic as

“resolved”. This interpretation is consistent with prior academic literature in computer science (e.g.,

Ortu et al., 2015; Lenarduzzi et al., 2019; Lüders et al., 2022), and the industry-standard use of Jira;

2
Jellyfish integrates data on several issue management systems, including Jira and Microsoft Azure DevOps. For

simplicity, we adopt the language of the most common issue management system globally, Jira.
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indeed, Jira’s product description states that tasks “typically represent individual work items such as

big features, user requirements, and software bugs” (Jira, 2025). Our qualitative interviews similarly

validate this interpretation of the data. One junior software engineer describes the workflow in Jira

as follows:

Work typically moves through the Jira statuses of ‘Implementation’, ‘Review’, ‘QA Testing’, and then
‘Release’. For a task to get marked as completed, it not only has to be merged, but also deployed to
production.

Issue management systems are also industry-standard: Atlassian, Jira’s owner, claims that four-fifths

of Fortune 500 firms use Jira (Farquhar, 2019). JF integrates data from several task management

systems, including Jira and Microsoft Azure DevOps. Our analysis sample includes 68,281,845 issues,

for an average of 6.04 per worker-month.

Code version control data. Software engineering teams employ “version control” systems to record,

organize, and coordinate changes to a shared codebase. Industry-standard version control systems

share a common structure.
3

Engineers write code on their local machines. As they update their code, they “commit” changes

to their branch to incrementally save progress. When work is ready to be incorporated into the

collective codebase, the engineer creates a “pull request”. This pull request is then reviewed, typically

by a manager or teammate. If needed, the reviewer may submit a request for changes and leave

comments detailing the needed changes. Then, the engineer and reviewer will iterate on these

changes. If the review process is successfully completed, the code is then incorporated into the shared

repository (“merged”); otherwise, the code is not incorporated into the shared repository.
4
We provide

two examples of the interface for GitHub in Figure 3. Panel A displays the interface for committing

code. Panel B displays the interface for reviewing and commenting on a pull request.

Version control systems are ubiquitous in software engineering teams: for instance, the world’s

largest version control platform, GitHub, is used by around 90% of Fortune 100 firms (GitHub, 2025).

JF integrates data from several version control platforms, including GitHub, GitLab, and Bitbucket.

Our analysis sample includes 200,945,700 commits, for an average of 17.77 per worker-month.

We observe the metadata associated with each commit, including the time of the commit, the identity

3
Some of this terminology depends on the precise version control system used. We adopt the terminology of GitHub,

the world’s largest platform for version control.

4
As a note, code may be merged into the codebase but not yet deployed. As a result, we will view the pull request and

Jira issue resolution as separate outcomes in the production process.
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of the engineer making the commit, and the text associated with the commit. We do not observe

the code content of the commit. We also observe 49,050,030 pull requests, for an average of 4.34

per worker-month. Each observation of a pull request includes metadata on the details of the code

changed — files changed, lines of code added and deleted — as well as information on the review

process — changes requested, comments, merge status.

We use commits and pull requests as related but distinct measures of coding activity. Pushing a

commit corresponds to making an update to code; creating a pull request represents the submission

of a discrete unit of work for review. In practice, the correlation between these two units of work is

around 0.92 at the worker-month level, indicating that workers tend to make more pull requests in

time periods in which they are pushing more commits, but the frequency of the two updates is very

different: in our analysis sample, on average, workers make 4.1 commits for every pull request.

Google Calendar data. For a subset of 213 firms, JF receives data from engineers’ Google Calendar

accounts. Google Calendar is a scheduling tool: users create calendar events and share them with one

another. Each calendar event includes information on the individuals who are invited, individuals

who accept vs decline, text description, and meeting length. In our analysis, we use the Google

Calendar data to assess relative time allocation between coding and non-coding work. Our analysis

sample covers 21,270,247 events, for an average of 14.10 per worker-month.

HR data. Firms may also input HR information into the JF platform. This information includes

the job titles of workers and the organizational chart of the firm. We observe HR information for a

minority of workers in our sample.

Revelio data. We obtain data on workers’ and firms’ characteristics by merging the JF data to data

from LinkedIn collected by Revelio Labs, a data provider which scrapes worker profiles and updates

the database weekly. We first hand-match the analysis sample of JF firms with the list of firms whose

data are collected from LinkedIn.

Revelio provides information on firms’ industries and LinkedIn descriptions, as well as the overall

employment of the firm — i.e., the number of employees including both engineers and non-engineers

— measured as the number of LinkedIn profiles connected to the firm.
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2.2 Description of analysis sample

Our analysis sample consists of the Jellyfish client firms that satisfy two restrictions. First, the firm

must have data present throughout our analysis timeframe. Second, the firm must have opted in to

its data being used for research.

We provide a description of the firms in our analysis sample in Table 2. The average firm employed

1,652 total workers (measured using the Revelio merge, SD 6,015) and 241 active engineers (measured

as active workers in Jellyfish, SD 363) in January 2023, reflecting a right-skewed size distribution.

Firms are also generally well established: the average firm is 19.3 years old as of January 2023 (SD

21.4).

The firms span a broad range of business models and industries. We classify each firm’s revenue

engine using an LLM-based classification of its LinkedIn description into one of three categories:

firms that sell a software licence directly (SaaS licence, 52% of firms); firms whose revenue is a cut

of the activity they intermediate or carry rather than a licence fee, such as marketplaces or firms

bearing their own balance-sheet risk (digital service operator, 30%); and firms that use software as an

input into their own operations rather than as the product itself, such as a financial services firm that

builds proprietary trading infrastructure (software as input, 14%).

We similarly classify each firm’s customer industry, collapsing into four categories. The largest

share of firms build horizontal software that serves a general business function rather than a specific

industry vertical (25%). Among firms serving a specific vertical, the most common are financial

services and insurance (16%) and healthcare and life sciences (12%); the remaining firms (48%) span a

long tail of other verticals, including media, retail, transport, government and education, real estate,

industrials, and professional services.

The Jellyfish data covers a range of workers involved with the software production process,

including but not limited to individuals who write code for software. We provide a description of

the roles of workers in our analysis sample in Table 3. When available, we use job titles inputted

by firms into Jellyfish. When that is not available, we use job titles obtained from the worker-level

merge with LinkedIn. In total, we observe role information for 372,912 workers. Software engineers

make up the majority of workers with role information (55%). The remainder are split across revenue

roles (e.g., sales and marketing, 15%), administrative roles (e.g., legal and finance, 14%), product and

design roles (e.g., product managers and user interface engineers, 9%), data science and research roles
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(e.g., machine learning researchers, 6%), other non-software engineering disciplines (e.g., hardware

roles, 0.7%), and chief executives (e.g., CTOs, 0.3%).

2.3 Jira issue classification

Classification method.We measure final software output using the Jira data on issues and epics.

Our analysis of changes in final output relies on classification of Jira issues and epics by their size.

We assess the size of each Jira issue using two complementary methods.

First, we use a large language model (LLM) to label a sample of tasks, then scale those labels to

the full dataset using a supervised learning approach. For the labeling step, we prompt the GPT-4o

API to classify each issue based on the estimated hours an experienced software engineer would

require to complete it. The prompt provides the task summary, description, issue type, parent task

summary, and project name as context, and we label a 0.5% sample of issues, stratified by company.

To scale these labels to the full dataset of over 60 million Jira issues, we convert each issue’s text into

embeddings using a Sentence-BERT model, then train a supervised learning model to predict the

GPT-assigned length label from the embeddings. Full details are provided in Appendix Section F.2.

Second, we construct a complementary measure of task size from Jira metadata using cycle

time — the number of days elapsed between a task being opened and resolved. We train the same

architecture described above to predict log cycle time from the SBERT embeddings, using issues

resolved in 2022 as the training set (approximately 2 million issues with non-missing cycle time).

The trained model is then applied to all issues to produce a predicted log cycle time for every task in

the sample, which we use as a continuous proxy for task complexity.

Validation of supervised learning method. We validate our supervised learning approach in

Appendix Table 6. We take the GPT-assigned labels as the true labels and the outputs of the supervised

learning step as the predicted labels. The table displays a comparison of these labels for a holdout

sample of tasks. Because the length metric is continuous, we use the mean squared error (MSE) as

our main validation metric. We obtain an MSE of 0.410 (on a 0-3 scale), which indicates that our

model performs reasonably well.
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2.4 AI coding tools

Background to AI coding tools. Finally, we describe AI coding tools. We refer to three primary

types of AI coding tools: AI coding assistants, AI coding agents, and AI code review tools. Figure 4

displays examples of the visual interface observed by users when interacting with AI coding tools.

AI coding assistants are tools that generate real-time code suggestions within the software

application in which developers write and edit code. As a developer types, the assistant predicts and

autocompletes the next lines of code; developers can also describe a desired function in plain language

and have the assistant generate an implementation. The interaction is reactive: the tool responds to

the developer’s current context but does not independently initiate or sequence actions. AI coding

assistants first became available in business and enterprise license-form in February 2023, with the

release of GitHub Copilot’s business and enterprise licenses. A wide range of AI coding assistants are

now commercially available. We focus on GitHub Copilot and Cursor, for which Jellyfish provides

API integrations, two of the most widely adopted coding assistants.

AI coding agents are tools that can semi-autonomously complete longer, multi-step tasks. Unlike

assistants, which respond to a developer’s immediate input, agents accept a high-level task description

and independently plan and execute a sequence of actions — they are able to ingest large amounts of

context, then write code across multiple files, run tests, interpret error messages, and iterate until the

task is complete. The developer reviews and approves the agent’s output, but is not required to guide

each intermediate step. AI coding agents first became available in November 2024, with the release

of Cursor’s AI agent tool. A wide range of AI coding agents are now commercially available; Claude

Code is among the most widely adopted.

Finally, AI code review tools are tools that analyze pull requests. They can read over code to flag

potential bugs, security vulnerabilities, or other changes needed in the code, and help to generate

comments.

All of these tools can generally be configured to usemodels from any of the leadingAI laboratories,

including OpenAI (GPT series), Anthropic (Claude series), and Google (Gemini series).

Adoption process. The firm-level technology procurement process typically involves several stages.

It is often initiated by senior management. The implementation is generally led by the IT team,

which manages enterprise technology usage. The IT team generally begins by evaluating different
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possible technology vendors — e.g., comparing GitHub Copilot with Cursor. Then, the team must

get internal business approval and budget allocation. In larger organizations, business teams may

also negotiate pricing and contract terms with the technology provider. The tool must then receive

approval from legal and security teams, which assess issues related to data handling and privacy,

intellectual property ownership, and compliance. Finally, some firms conduct a pilot program in

which a small subset of engineers tests the tool before broader deployment (Rapoport et al., 2025;

IBM, 2024).

We gather information on the procurement processes across different firms through qualitative

interviews, and provide some illustrative examples in Section B. Two examples demonstrate the

contrast between firms in the length of the process. In one firm, the Head of AI Analytics and Insights

describes a structured process:

We’ve got four teams involved in purchasing any tech. One is on the sourcing side, and handles large
contracts; they understand whether the contracts are financially favorable towards [the company].
You also have legal, who will have an opinion on whether [the company’s] data and IP are protected.
Security gets involved as well. Finally, we expect IT to own and operate the tech centrally. The process
typically takes a few weeks minimum. That can also mean months. ChatGPT came out in November
2022. Fall of 2023 is when we initially acquired a few test licenses before we rolled it out.

By contrast, another firm describes a more nimble and shorter process:

Our EA just asked IT and legal if it was ok to get it and got approval fast. Usually, this happens
within a day for us.

Typically, firms disallow usage of AI tools outside of their business license, due to concerns surround-

ing user inputs being used by AI companies for model training. In turn, firm-level adoption should

serve as a genuine shock to the firm. One Head of AI Analytics and Insights describes such concerns:

Our code is our intellectual property. What happens to the code that’s exposed to GitHub Copilot? ...
We said, ‘do not use anything that is not approved by [the company].’

Measurement.We use several data sources to measure firm- and individual-level adoption of AI

tools. The details of this measurement process are described in Appendix Section F.1.

First, we have access to API data on several AI coding tools integrated with JF’s platform —

GitHub Copilot, Cursor, and Claude Code. The API records daily metadata on usage, including the

active users, number of suggestions generated and accepted, and number of instances of chat activity.

Second, we detect usage of AI coding agents and AI code review tools from GitHub activity data.

Specifically, we identify tool-specific bot accounts by matching GitHub user logins and display names
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against known patterns for AI tools (e.g., “copilot-se-agent[bot], “coderabbitai[bot]”), and additionally

scan commit messages and pull request bodies for AI tool signatures (e.g., “Co-authored-by: Claude

Code,” “Created by Devin”). This approach provides broad coverage across AI agents — including

Cursor Agent, Claude Code, Devin, GitHub Copilot Agent, and others — and code review tools,

including CodeRabbit, Greptile, GitHub Copilot Reviewer, Cursor Bug Bot, Graphite, and Bito.

We combine these two sources to construct our three treatment variables. For AI coding assistant

adoption, we use the earliest seat activation date measured between the GitHub Copilot and Cursor

APIs. For AI coding agent adoption, we take the earliest signal across the Claude Code API and the

GitHub signals (bot account creation and commit/PR signatures). For AI code review tool adoption,

we use the earliest GitHub signal.

Our measurement of AI tool take-up is incomplete in three ways. First, the API integrations for

GitHub Copilot, Cursor, and Claude Code only measure take-up through a business or enterprise

license — if individual software engineers use AI tools through an individual business license, their

usage would not be recorded in the JF data. In practice, firms generally disallow usage of AI tools

through individual licenses, due to concerns about data and code security. Second, some firms may

adopt AI tools without integrating those tools into JF’s platform. This concern is mitigated by the

fact that we can infer some tool usage from GitHub user logins and display names. In practice, the

high rate of take-up we observe at the end of our sample window suggests that we do effectively

capture most take-up of AI tools.

Take-up rate. Figure 5 shows the rates of firm- and individual-level take-up of AI assistants and AI

agents.

Panels A and B display firm-level take-up of AI agents and AI assistants over calendar time,

respectively. In Panel A, the share of firms that have adopted any AI agent rises from near zero

in October 2024 to over 95% by January 2026, with the steepest acceleration occurring around the

releases of Cursor Agent (November 2024) and Claude Code (February 2025), marked by vertical

dashed lines. Panel B shows that the adoption of AI coding assistants (GitHub Copilot or Cursor)

began earlier, with take-up climbing from near zero in February 2023 to approximately 45% of firms

by April 2024. We truncate the assistant take-up window at 16 months, which we view as capturing

the main period of AI assistant diffusion, and to avoid overlap with the period of take-up of AI coding

agents.
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Panels C and D display individual-level take-up of AI coding agents and AI coding assistants,

respectively, measured in months elapsed since the firm’s first adoption. Each line corresponds to a

quintile of firms ranked by their end-of-periodworker adoption rate. Bymonth 12, themedian firm (40–

60th percentile) has an engineer-level agent adoption rate of approximately 20%; the corresponding

figure for AI assistants at month 16 is approximately 40%. There is, however, substantial heterogeneity

across firms: among firms in the top quintile, agent adoption reaches roughly 60% of engineers by

month 12, compared to near zero for firms in the bottom quintile. For assistants, the spread is similarly

wide, with top-quintile firms reaching approximately 65% adoption against roughly 10–15% in the

bottom quintile.

3 Effects on productivity, output, and employment

We begin by documenting the effects of AI adoption on coding productivity, output, and employment.

3.1 Methodology

Empirical specification. To assess the impacts of AI coding assistant and AI coding agent adoption,

we use a difference-in-differences design, exploiting variation in timing of firm-level adoption of

assistants and agents. We implement the following regression for firms 𝑓 and months 𝑚:

Activity𝑓 ,𝑚 = 𝛾𝑓 + 𝛿𝑚 + ∑

𝑘≠−1

𝛽𝑘AI
𝑘
𝑓 ,𝑚 + 𝜃𝑚𝑋𝑓 ,𝑚 + 𝜀𝑓 ,𝑚.

Here, Activity𝑓 ,𝑚 represents our outcome variables, which are measured at the firm-by-month level,

such as number of Jira issues resolved per firm-month. Our main variable of interest is AI
𝑘
𝑓 ,𝑚 =

1{𝑚 − AI𝑓 = 𝑘}, where AI𝑓 is the first month of adoption, so AI
𝑘
𝑓 ,𝑚 is an indicator for whether the

firm has adopted in relative month 𝑘.

We include firm fixed effects 𝛾𝑓 to control for time-invariant firm characteristics, such as industry,

as well as month fixed effects 𝛿𝑚 to control for time-varying characteristics, such as macroeconomic

conditions. Finally, we also include time-varying controls for baseline firm size 𝑋𝑓 ,𝑚, motivated by

imbalance in treatment take-up, as described in the next section. We cluster standard errors at the

firm level, since treatment is defined at the firm level. We bin the pre- and post-periods beyond the

main event study window into one indicator, to improve the precision of our estimates.
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We separately estimate these effects for adoption of AI coding assistants and AI coding agents.

In turn, the estimated effect of AI coding assistants represents the effects of initial AI adoption. By

contrast, the estimated effect of AI coding agents represents the added effect of agent adoption,

relative to AI assistant adoption.

We are primarily interested in the firm-level effect of access to generative AI tools, rather than

an individual-level effect, for two reasons. First, we are interested in the effects of AI adoption

on firm-level outcomes, including output and employment. In turn, although the effect on coding

productivity can be measured at an individual level, we are primarily interested in the aggregated

firm-level estimate. Second, the firm-level treatment represents the economically relevant margin for

firms making decisions about whether to adopt generative AI tools.

Identification assumptions. Our identification strategy relies on the assumption that, absent

treatment, early- and late- or non-adopting firmswould have followed parallel trajectories in outcomes.

The technology adoption process is primarily shaped by two factors: (1) the timing by which firms

learn about AI tools, and (2) the length of firms’ AI procurement processes. We detail this process in

Section 2.4 and Appendix Section B (Rapoport et al., 2025; IBM, 2024).

We may be concerned that some factors shape both the timing of adoption as well as firms’ out-

come trajectories. We assess this possibility by first checking for balance on observable characteristics

in Table 4. Here, we observe that firm size — as measured by overall employment in Revelio as well as

engineering employment in Jellyfish — is predictive of take-up timing for both AI coding assistants

and AI coding agents, with larger firms adopting AI earlier. Other observable factors, including

firms’ product type and industry, do not exhibit consistent relationships with take-up timing. This

relationship is consistent with qualitative accounts of the technology adoption process, in that larger

firms are generally more knowledgeable about frontier technologies than smaller firms. This pattern

would pose issues for identification if we also expect that these larger firms would exhibit different

outcome trajectories — for instance, if they are also growing more quickly. The imbalance in take-up

motivates our inclusion of time-varying controls for baseline firm size in our main specification.

Beyond firm size, procurement typically involves a number of logistical factors that are plausibly

orthogonal to firms’ growth trajectories, but shape the timing of adoption, as described in Section

2.4 and Appendix Section B. Firms must go through a number of approval layers — business, legal,

security — and often will pilot tools with a small group of workers prior to purchasing a business
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license. The lengths of these processes vary significantly across firms, generating quasi-random

variation in timing of adoption, which we leverage for our identification strategy.

We assess the parallel trends assumption empirically by examining pre-period coefficients. To

the extent that unobserved confounders remain, we would generally expect them to produce upward

bias: factors that accelerate adoption would also tend to produce higher outcome growth, leading us

to overstate treatment effects.

Qualitative interviews. Alongside the quantitative analysis, we conduct a series of qualitative

interviews to validate the findings of the paper. We interview 17 software engineers, engineering

managers, product managers, and related stakeholders across a range of firms, seniority levels,

and company types. We use these interviews for two purposes: to assess the plausibility of the

identification assumptions described above, and to interpret the mechanisms behind our estimates.

All interviewees consented to the inclusion of quotes from their interviews in this paper. We attribute

quotes by role rather than by name, and we have lightly edited them for clarity. Appendix Section B

reports the interview material in full.

3.2 Effects on coding productivity

First, we document the effects of AI adoption on coding productivity. Our dataset records three main

forms of coding activity: (1) Lines of code added; (2) GitHub commits, which represent incremental

updates to code; and (3) GitHub pull requests created, which represent completed drafts of code,

submitted for review. For each outcome, we construct a firm-month panel and normalize by the

number of active workers, yielding a per-worker monthly rate.

Figure 6 displays our estimated effects on coding activity. Panels A and B display event studies

showing the estimated effects of AI agents (and assistants) on lines of code added per worker-month.

Using our pooled estimator, we find a significant effect from agents of 1,494 lines per worker-month

(s.e. = 583), or 30% of the baseline mean of 5,017. The effect for AI assistants is positive but insignificant

(Pooled 𝛽 = 420, s.e. = 371; baseline = 3,498).

One concern is that the change in lines of code reflects the verbosity of AI-generated code rather

than a genuine increase in coding output. To assess this, we also examine the effects on number of

commits per worker-month in Panels C and D and pull requests per worker-month in Panels E and

F. For commits, we find a significant effect from agents of 4.57 commits per worker-month (s.e. =
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1.12), or 20% of the baseline mean of 22.58. The effect for AI assistants is also positive and significant

(Pooled 𝛽 = 1.40, s.e. = 0.64; baseline = 14.84), representing a 9% increase relative to baseline.

Pull requests represent a coarser unit of work than commits. Because pull requests must be

reviewed by a team member, changes in pull request activity should be less susceptible to artificial

changes in individual behavior. We find a large and significant effect from agents of 1.22 pull requests

per worker-month (s.e. = 0.29), or 23% of the baseline mean of 5.34. The effect for AI assistants is

positive but insignificant (Pooled 𝛽 = 0.19, s.e. = 0.17; baseline = 3.78). Across these three measures of

coding activity, we obtain similarly sized estimates.

Anecdotal accounts of software engineers’ experiences with AI support these empirical findings.

For instance, one senior software engineer describes how AI tools have significantly sped up the

process of writing code, particularly on simpler coding tasks:

For simple and routine tasks, there’s so much documentation, so the models are very well-trained.
With Claude Code, I can write a draft in two seconds and it’s going to be right 90% of the time; I just
have to do a little bit of testing myself. There is a huge speed-up, on the order of 100x.

Finally, a recent literature has shown that two-way fixed effects estimators may be inconsis-

tent in the presence of treatment effect heterogeneity (Borusyak et al., 2024; de Chaisemartin &

D’Haultfœuille, 2024; Callaway et al., 2021; Sun & Abraham, 2021). In turn, we examine the sensitivity

of our estimates to different specifications in Appendix Figure 1. We do not observe significant

differences across any of these specifications. Thus, for the rest of the paper, we implement the event

studies using two-way fixed effects.

As an additional validation of our methodology, Appendix Figure 2 benchmarks our estimates of

the productivity effects of AI coding assistants against those reported in the broader literature. Our

estimates are broadly comparable, though on the lower end, in magnitude, lending confidence that

the results are not driven by features specific to our sample or design.

3.3 Effects on output

Next, we examine the impacts of this productivity shock on firm-level output. As described in

Section 2, software engineering teams use Jira to track work, providing two natural measures of

output. The first is the number of Jira issues resolved per worker per month. Issues represent discrete

units of engineering work — a bug fix, a new feature component, or a configuration change — that are

considered complete when the associated code is deployed to production. The second is the number
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of Jira epics resolved per worker per month. Epics are higher-level units that aggregate related issues

into a coherent project or feature, and thus capture broader deliverables rather than individual tasks.

Figure 7 displays event study estimates for both measures. Panels A and B show the effects on

issues resolved per worker-month for AI agents and AI assistants, respectively. In neither case do

we find a statistically significant effect (agents: pooled 𝛽 = 0.12, s.e. = 0.17, baseline mean = 3.67;

assistants: pooled 𝛽 = 0.09, s.e. = 0.10, baseline mean = 2.70). The 95% confidence intervals allow us

to rule out effects larger than 12% of the baseline mean for agents and 11% for assistants. In particular,

this rules out an effect on output of the same magnitude as our estimates for the effects on coding

productivity. Panels C and D replicate the analysis for epics and similarly show no significant effect.

A concern with the raw issue count is that AI adoption may change the composition of tasks

— for instance, if engineers shift towards tackling larger or more complex issues post-adoption, a

flat count would understate the true increase in output. We test for this using our two measures

of issue size described in Section 2.3: the LLM-assigned length label and the predicted log cycle

time. Appendix Figure 4 plots event studies for average issue size under both measures. We find no

evidence of a compositional shift in either case (LLM label — agents: pooled 𝛽 = −0.02, s.e. = 0.04;

assistants: pooled 𝛽 = 0.02, s.e. = 0.03), suggesting that the null output result is not an artifact of

task redefinition.

3.4 Effects on employment

Finally, we turn to the effects on employment.

We display the aggregate results in Figure 8. We begin by assessing the effects of AI adoption on

a firm’s total employment, as measured by the total number of LinkedIn profiles attached to the firm,

in Panels A and B. This measure allows us to assess effects on both engineering and non-engineering

teams. Both panels display precise zero effects (agents: Pooled 𝛽 = 0.01, s.e. = 0.02; assistants: Pooled

𝛽 = 0.00, s.e. = 0.01).

We next turn to the effects on employment of engineers, as tracked by the number of active

workers in JF data each firm-month, in Panels C and D. We do this for two reasons. First, the shock

of AI adoption may be sufficiently localized to coding teams that there is no broader impact on firm-

wide employment. Second, LinkedIn data may be slow to update layoffs, making a direct measure of

engineers preferable for detecting near-term effects. AI agents show a null pooled effect (Pooled 𝛽 =
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−0.04, s.e. = 0.05). AI assistants show a small positive and marginally significant estimate (Pooled 𝛽 =

0.07, s.e. = 0.03). However, we are cautious to attribute a causal interpretation to this estimate, as

the pre-period trends for the assistant specification show some upward drift, suggesting the positive

estimate may partly reflect pre-existing growth trajectories among early adopters.

Finally, it is possible that the aggregate effect masks heterogeneity by worker seniority. Some

papers have found employment declines among junior workers and gains among senior workers

(Brynjolfsson, Chandar, & Chen, 2025; Lichtinger & Hosseini Maasoum, 2025). We test for this using

the LinkedIn data on junior and senior workers in the firm. The results are displayed in Figure 9. We

do not find significant effects of either AI agents or AI assistants on junior or senior workers (junior

– agents: Pooled 𝛽 = 0.02, s.e. = 0.01; assistants: Pooled 𝛽 = 0.00, s.e. = 0.01; senior – agents: Pooled 𝛽

= 0.00, s.e. = 0.02; assistants: Pooled 𝛽 = 0.00, s.e. = 0.01).

These null effects on employment are consistent with some empirical work documenting small

employment effects of generative AI (Humlum&Vestergaard, 2025), though some papers find evidence

of much larger effects (Brynjolfsson, Chandar, & Chen, 2025; Lichtinger & Hosseini Maasoum, 2025).

We interpret the results of our staggered AI adoption design to rule out an employment decline that

would result from a direct automation effect. In other words, we rule out the possibility that firms

have integrated AI tools sufficiently into their workflows that they no longer need workers.

However, we also emphasize several caveats when interpreting our results. First, we present

a reasonably short-run estimate of the effect of generative AI on employment; it is plausible that

employment responds slowly to technological changes. Second, our event study design identifies the

partial equilibrium effect of generative AI adoption. It is plausible that this null partial equilibrium

effect masks a negative general equilibrium effect. To see this possibility, note that giving a single

firm access to a labor-augmenting technology will have two effects in partial equilibrium: first, there

will be a displacement effect, since the number of workers per unit of output will fall; and, second,

there will be a scale effect, as the output of the firm may increase (Acemoglu & Restrepo, 2018). This

scale effect may be primarily business-stealing from other firms. If so, we would expect reductions in

those firms’ employment.
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4 Production bottlenecks

We observe significant effects of AI coding tools on coding productivity, but we do not observe

significant effects on downstream outcomes, including software output or employment. How can

we reconcile such findings? In this section, we provide evidence on production bottlenecks as a

mechanism: if other steps in the software production process are slow to adjust, productivity gains

in code writing may not pass through to firm-level output. In particular, we focus on a bottleneck

from the code review process.

4.1 Effects on code review

Software production requires a series of sequential complementary tasks, as described in Section

2. While AI raises productivity in code writing, other tasks may serve as limiting factors. In this

subsection, we test whether code review serves as such a bottleneck.

Once a block of code is ready for review, the engineer will submit a GitHub pull request. One

or several other team members will read through and perhaps write tests on the code, to assess

whether the code meets the necessary usage requirements and integrates correctly into the rest of

the codebase. If necessary, they will leave comments and submit a request for changes. The code

writer and code reviewers will iterate through these changes until the code is ready to be combined

into the codebase, at which point they will “merge” the pull request.

To empirically test the relevance of production bottlenecks, we begin by documenting the relative

breakdown of an engineer’s time allocation into these distinct tasks in Figure 10. Column 1 shows

the results, imputing time allocation from the Jellyfish data. We convert the panel of work signals

(GitHub activity, Jira activity, and Google Calendar activity) into relative time allocation on coding,

code review, and management. With this approach, we observe that engineers spend only 42% of

their time writing code. Column 2 shows the results from a survey of 100 Prolific engineers on their

average weekly time breakdown. On average, engineers spend only 30% of their time writing code.

Figure 11 displays the impact of AI adoption on the length of the code review process, measured

as the number of days between when a pull request is submitted and when it is merged. AI agents

significantly lengthen the review process (Pooled 𝛽 = 3.45, s.e. = 1.60), a 49% increase relative to the

baseline mean of 7.03 days. AI assistants have no significant effect on review length (Pooled 𝛽 =
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−0.38, s.e. = 0.97; baseline = 9.34 days).

AI may impact the code review process through two channels. First, if code writing and code

review are complementary steps in the production process, a speedup in code writing will lead to a

buildup in code review if labor in code review is held fixed. Second, the code review process itself

may change — e.g., a form of “new work” — either because the code written now is of worse quality,

or because the standards of code review have changed.

Figure 12 provides evidence on changes in the review process itself. Panels A and B display the

share of pull requests for which at least one reviewer submitted a formal request for changes. With

AI agents, the share of PRs with changes requested increases by 0.12 (s.e. = 0.01) relative to a baseline

mean of 0.13, nearly doubling the rate. With AI assistants, the effect is small and insignificant (Pooled

𝛽 = 0.01, s.e. = 0.01; baseline = 0.14). Panels C and D display the number of review comments per

pull request — i.e., the intensive margin of number of changes requested. AI agents increase this

measure by 0.58 comments per PR (s.e. = 0.11), a 35% increase relative to the baseline mean of 1.66.

AI assistants have no significant effect (Pooled 𝛽 = 0.05, s.e. = 0.07; baseline = 1.98).

This evidence is consistent with qualitative accounts of changes in the code review process. For

instance, one junior software engineer describes:

People could make a huge number of commits quickly, but code review was still the bottleneck. On
one project, only one senior engineer was allowed to approve changes because he was the expert on
the codebase. He was so bandwidth constrained that he could only review my code once a week. After
some outages that were caused by AI-generated commits, there were also new rules requiring senior
engineer approval for AI-generated code, which created even more review bottlenecks.

Finally, it might be the case that the number of comments or changes requested increase me-

chanically if PRs are just getting larger in size. We assess this possibility in Appendix Figure 5. We do

not observe a significant change in the size of each pull request, measured by the lines of code added

in the pull request, either for AI agents (Pooled 𝛽 = -67.99, s.e. = 126.91; baseline = 1167.97) or for AI

assistants (Pooled 𝛽 = 66.07, s.e. = 100.90; baseline = 1167.17).

Together, these results indicate that AI agents substantially intensify the code review process:

reviews take longer, are more likely to result in change requests, and attract more reviewer comments.

AI assistants show no significant impact on any of these dimensions.
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4.2 Effects on allocation of labor

Given the bottleneck in code review documented above, a natural question is whether firms respond

by reallocating workers towards reviewing code. Whether this occurs depends on the degree to

which workers can flexibly move between coding and review tasks.

Figure 13 examines how AI adoption shifts the allocation of workers across coding and review

tasks. Panels A and B display the share of workers in a firm-month who write code (i.e., make at

least one commit). AI agents have no significant effect on the share of coders (Pooled 𝛽 = 0.01, s.e. =

0.01; baseline = 0.43), and neither do AI assistants (Pooled 𝛽 = 0.01, s.e. = 0.01; baseline = 0.38).

Panels C and D display the share of workers who perform code review (i.e., comment on or

approve at least one pull request). AI agents significantly increase the share of workers engaged

in code review (Pooled 𝛽 = 0.04, s.e. = 0.01; baseline = 0.29), a 14% increase relative to baseline. AI

assistants also increase the share of reviewers, though by a smaller amount (Pooled 𝛽 = 0.02, s.e. =

0.01; baseline = 0.21), a 10% increase relative to baseline.

These results suggest that AI agents prompt firms to expand the set of workers engaged in

code review, without reducing the share engaged in code writing. This is consistent with a model in

which coding and review are complementary: increased coding throughput raises demand for review,

and firms meet this demand at the extensive margin by drawing additional workers into the review

process.

4.3 Usage of AI in code review

Finally, one concern may be that this code review bottleneck is a temporary artifact of the firm

adjustment process, and it can be alleviated with deployment of AI tools to perform code reviews.

Thus, we examine the extent to which firms deploy AI directly in the code review process.

Modern AI coding tools are technically capable of performing code review tasks — flagging

bugs, suggesting improvements, and generating inline comments — in addition to writing code.

Whether firms actually use them this way, however, is an empirical question. Firms may choose to

keep humans in the loop at the review stage even if AI assistance is available, given the high cost of

deploying faulty code.

Figure 14 documents the extent to which AI tools are used directly in code review. Panel A

displays firm-level take-up of AI code review tools over time. Take-up of AI in the code review process
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is high: as of March 2026, nearly 80% of firms had used AI tools in the code review process. Panel B

examines usage of AI on the intensive margin and the extent to which humans remain involved. It

shows that only 23.3% of all review comments are generated by AI, and only 10.8% of pull requests

receive at least one AI-generated comment.

Together, these figures indicate that although the majority of firms have begun to use AI tools in

the code review process, humans are still heavily involved with review.

This evidence is consistent with anecdotal accounts of changes in the review process from

integrating AI. One senior engineer remarked:

Even with AI tools, you absolutely still need humans involved in the review process. I don’t see a
time where you will ever not need human oversight, even as tools get better. The AI tools lack the
comprehension of the overview of the entire feature, and what it is supposed to do.

5 Model

We develop amodel of technology adoption and firm production. Themodel serves two purposes. First,

it provides a framework for interpreting our empirical results. Second, it helps illustrate implications

for firm strategy. We develop the main ideas in this section, leaving the formal proofs to Appendix G.

A growing literature examines how task-specific productivity improvements from technology

adoption translate into firm output and labor demand. A common insight from these models is that

production consists of multiple complementary tasks, such that productivity gains in one task need

not translate into proportional increases in firm output if other tasks serve as “bottlenecks” or limiting

factors (Kremer, 1993; Aghion et al., 2017; B. Jones, 2025; Gans & Goldfarb, 2026; C. Jones & Tonetti,

2026). However, these models are largely agnostic about the specific mechanisms that generate these

constraints. In practice, bottlenecks may arise for a number of reasons, including the sequential

nature of production, quality issues, or liability concerns.

We develop a model to explore why bottlenecks may arise. In our model, production involves

two stages. The second stage verifies the output of the first. AI adoption affects both productivity and

output quality in the first stage. In turn, it can generate a bottleneck in the second stage, which limits

firm output and shapes labor allocation. We write this model in the context of software production

— where the two steps are code writing and code review. However, the same logic could apply to

a broad range of contexts in which production involves both execution as well as verification or
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managerial oversight.

5.1 Model set-up

Setting. A firm ships software output. Each unit of software output can be either good software 𝐺

or a bug 𝐵. The firm earns revenue 𝑅(𝐺) − 𝑙𝐵, where 𝑅 is increasing and concave, and 𝑙 is the loss

created by each bug.

Software production involves two sequential steps. First, coders write draft code. The quantity of

draft code written is 𝑄 = 𝐴(𝑡)𝐿𝐶 , where 𝐴(𝑡) is labor productivity and dependent on the technology

𝑡, and 𝐿𝐶 is the number of coders. Each unit of draft code is a bug with probability 𝜋(𝑡) and good

with probability [1 − 𝜋(𝑡)]. Second, reviewers can assess code before shipping it. If a reviewer spends

𝑟 units of time reviewing the code, the probability of detecting buggy code is 𝑑(𝑟), for an increasing,

concave function 𝑑. Buggy code is thrown out and does not contribute to revenue.

Firm’s problem. We simplify the firm’s problem by assuming that (1) draws of bugs and bug

detection are i.i.d. across units of code, and (2) the firm produces a large number of units of code.

Since 𝑑 is concave, the firm should spend the same amount of time 𝑟 assessing each piece of code. As

a result, after applying the law of large numbers, the firm’s problem is:

max
𝐿𝐶 ,𝐿𝑅 ,𝑟 ,𝑄

𝑅(𝑄(1 − 𝜋(𝑡)))
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Revenue from good code

− 𝑙𝑄 𝜋(𝑡) [1 − 𝑑(𝑟)]
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

Losses from bugs

− (𝑤𝐶𝐿𝐶 + 𝑤𝑅𝐿𝑅)
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

Wage bill

s.t. (1) Total output of code: 𝑄 = 𝐴(𝑡)𝐿𝐶 ,

(2) Total time reviewing code: 𝐿𝑅 = 𝑟𝑄.

For ease of notation throughout this section, we will define a few additional terms. First, define total

labor as 𝐿 ∶= 𝐿𝐶 + 𝐿𝑅 and good software output as 𝐺 ∶= 𝑄(1 − 𝜋). Then, define the marginal cost of

producing one unit of draft code, evaluated at the optimal review intensity as 𝑐∗ ∶=
𝑤𝐶

𝐴
+𝑤𝑅𝑟

∗+𝑙𝜋[1−

𝑑(𝑟∗)]. Accordingly, define the cost shares of code writing 𝑠𝐶 ∶=
𝑤𝐶/𝐴

𝑐∗
, reviewing 𝑠𝑅 ∶=

𝑤𝑅𝑟
∗

𝑐∗
, and bugs

𝑠𝐵 ∶=
𝑙𝜋[1−𝑑(𝑟∗)]

𝑐∗
. Finally, define the curvature of marginal revenue 𝜌 ∶= −𝑑 ln 𝑅′(𝐺∗)/𝑑 ln𝐺∗ > 0 and

curvature of marginal bug detection 𝜆 ∶= −𝑑 ln 𝑑′(𝑟∗)/𝑑 ln 𝑟∗ > 0.

Proposition 1 (Firm’s optimum). The firm’s optimal choices (𝐿∗𝐶 , 𝐿
∗
𝑅, 𝑟

∗, 𝑄∗) are characterized by the

following expressions:
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1. Review time: 𝑑′(𝑟∗)𝑙𝜋(𝑡) = 𝑤𝑅.

2. Code quantity: [1 − 𝜋(𝑡)]𝑅′
(𝑄

∗(1 − 𝜋(𝑡))) = 𝑐∗.

3. Coding labor: 𝐿∗𝐶 =
𝑄∗

𝐴(𝑡)
.

4. Non-coding labor: 𝐿∗𝑁 = 𝑟∗𝑄∗.

We leave the proof of this proposition, as well as those that follow, to Appendix Section G. To see the

intuition behind these expressions: the first equation indicates that the optimal time for reviewing

each piece of code 𝑟∗ equates the marginal benefit of an extra bit of code with the marginal cost.

The marginal benefit is determined by the likelihood of finding another error, multiplied by the loss

avoided per error. The marginal cost is the wage bill from additional review time. The second equation

indicates that the optimal quantity of draft code to produce 𝑄∗
similarly equates the marginal benefit

— the probability that the code is bug free, multiplied by the marginal revenue it generates — with

the marginal cost. The optimal allocation of labor to coding and review follow from their definitions.

5.2 Effects of AI adoption

AI adoption can affect the software production process through two channels. First, it can affect

the productivity of code writers, 𝐴(𝑡). Second, it can affect the bug rate, 𝜋(𝑡). In this section, we

characterize the effects of these two channels.

Proposition 2 (Effects of increase in coding productivity). An increase in coding productivity 𝐴(𝑡)

has the following implications.

1. No change in review time per unit of code:

𝑑 ln 𝑟∗

𝑑 ln𝐴
= 0

2. Increase in draft code and good code:

𝑑 ln𝑄∗

𝑑 ln𝐴
=

𝑑 ln𝐺∗

𝑑 ln𝐴
=

𝑠𝐶

𝜌

3. Ambiguous effect on coding employment:

𝑑 ln 𝐿∗𝐶

𝑑 ln𝐴
=

𝑠𝐶

𝜌
− 1
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4. Increase in review employment:

𝑑 ln 𝐿∗𝑅

𝑑 ln𝐴
=

𝑑 ln𝑄∗

𝑑 ln𝐴

To see the intuition, note first that the change in coding productivity does not affect the firm’s “inner”

problem of optimally reviewing code; as a result, the optimal review time 𝑟∗ is unchanged (as in

equation 1). On the other hand, as the firm becomes more productive, it tends to increase its output of

code (as in 2). The scale of this output is mediated by (a) the extent of diminishing marginal returns

to extra code 𝜌, and (b) the cost share of code 𝑠𝐶 . The firm will employ more reviewers, since the

review time per unit is unchanged, and more code is produced (as in 4). On the other hand, whether

the firm employs more or fewer coders is ambiguous (as in 3): intuitively, there is both a substitution

effect, causing the firm to require fewer coders per unit of output, and a scale effect, causing the firm

to expand its coding output.

Proposition 2 assumes that the firm can freely reallocate labor between coding and review as its

productivity changes. In practice, this reallocation may be slow or costly: workers may lack the skills

to shift into review, or firms may be slow to recognize the importance of this reallocation. In turn,

this may generate a bottleneck effect. Thus, we next characterize the consequences of AI adoption

absent this reallocation.

Proposition 3 (Bottleneck from productivity channel). Consider the case that labor has not been

reallocated, so review labor is fixed at 𝐿̄𝑅. Evaluated at a point where 𝐿̄𝑅 = 𝑟∗𝑄, an increase in coding

productivity 𝐴(𝑡) leads to a smaller increase in the amount of good software that ships than under

flexible reallocation:

𝑑 ln𝐺∗

𝑑 ln𝐴

|
|
|
|𝐿̄𝑅

=
𝑑 ln𝑄∗

𝑑 ln𝐴

|
|
|
|𝐿̄𝑅

=
𝑠𝐶

𝜌 + 𝜆𝑠𝑅
<

𝑠𝐶

𝜌
=

𝑑 ln𝐺∗

𝑑 ln𝐴

|
|
|
|flexible

.

Without additional reviewers, an increase in coding productivity still leads the firm to write more

draft code, but because a fixed pool of reviewers must spread the same total review capacity over a

growing volume of code, a smaller share of that additional code makes it through review without

generating additional expected losses from undetected bugs. As a result, the amount of good software

that actually ships rises by less than it would under flexible reallocation. The size of this shortfall,

captured by 𝜆𝑠𝑅, is larger when detection exhibits more sharply diminishing returns to review time
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(𝜆 large) and when review already accounts for a larger share of costs (𝑠𝑅 large). This is the formal

sense in which code review can act as a genuine bottleneck: absent reallocation of labor towards

review, gains in coding productivity pass through less fully into completed, good software.

We have characterized the effects of the productivity channel, both with and without labor

reallocation. AI tools may also negatively affect the quality of code written. This may occur for a

number of reasons: AI tools may be faulty; additionally, coders may be less capable of catching bugs

in AI-generated code than their own code. Thus, we next turn to characterizing the implications of

an increase in the bug rate.

Proposition 4 (Effects of increase in the bug rate, bottleneck from bug rate channel). An increase in

the bug rate 𝜋(𝑡) has the following implications.

1. Increase in review time per unit of code:

𝑑 ln 𝑟∗

𝑑 ln 𝜋
=

1

𝜆

2. Decrease in good code:

𝑑 ln𝐺∗

𝑑 ln 𝜋
= −

1

𝜌(
𝑠𝐵 +

𝜋

1 − 𝜋)

3. Ambiguous effects on draft code:

𝑑 ln𝑄∗

𝑑 ln 𝜋
= −

1

𝜌(
𝑠𝐵 +

𝜋

1 − 𝜋)
+

𝜋

1 − 𝜋

4. Ambiguous effects on coding and review employment:

𝑑 ln 𝐿∗𝐶

𝑑 ln 𝜋
=

𝑑 ln𝑄∗

𝑑 ln 𝜋
𝑎𝑛𝑑

𝑑 ln 𝐿∗𝑅

𝑑 ln 𝜋
=

𝑑 ln𝑄∗

𝑑 ln 𝜋
+

1

𝜆

From this proposition, we see how a change in the bug rate can also generate a bottleneck. A

higher bug rate leads to an increase in the amount of scrutiny required per unit of code 𝑟∗ (equation

1), and reduces the amount of good software that ships 𝐺∗
falls (equation 2). This stands in contrast

to an increase in coding productivity, which unambiguously raises good output (Proposition 2). The

total quantity of draft code — and the total employment of coders — could still rise or fall (as in

equations 3 and 4): the firm may choose to produce more draft code, in order to ensure it has a
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sufficiently large amount of code that works; on the other hand, each piece of code is more likely to

produce bugs, so the firm may reduce its code output.

Finally, we characterize the overall effects of AI, combining the effects from the productivity and

bug rate channels.

Corollary 1 (Overall effects of AI). As AI affects both coding productivity 𝐴(𝑡) and the bug rate 𝜋(𝑡),

its overall effects are characterized by the following.

1. Effect on review time per unit of code:

𝑑 ln 𝑟∗

𝑑 ln 𝑡
=

1

𝜆

𝑑 ln 𝜋

𝑑 ln 𝑡

2. Effect on good output:

𝑑 ln𝐺∗

𝑑 ln 𝑡
=

1

𝜌[
𝑠𝐶

𝑑 ln𝐴

𝑑 ln 𝑡
−
(
𝑠𝐵 +

𝜋

1 − 𝜋)

𝑑 ln 𝜋

𝑑 ln 𝑡 ]

3. Effect on draft code:

𝑑 ln𝑄∗

𝑑 ln 𝑡
=

𝑑 ln𝐴

𝑑 ln 𝑡

𝑠𝐶

𝜌
+
𝑑 ln 𝜋

𝑑 ln 𝑡 [
−

1

𝜌
[𝑠𝐵 +

𝜋

1 − 𝜋
] +

𝜋

1 − 𝜋 ]

4. Effect on employment:

𝑑 ln 𝐿∗𝐶

𝑑 ln 𝑡
=

𝑑 ln𝐴

𝑑 ln 𝑡 [

𝑠𝐶

𝜌
− 1

]
+
𝑑 ln 𝜋

𝑑 ln 𝑡 [
−

1

𝜌
[𝑠𝐵 +

𝜋

1 − 𝜋
] +

𝜋

1 − 𝜋 ]

𝑑 ln 𝐿∗𝑅

𝑑 ln 𝑡
=

𝑑 ln𝐴

𝑑 ln 𝑡

𝑠𝐶

𝜌
+
𝑑 ln 𝜋

𝑑 ln 𝑡 [
−

1

𝜌
[𝑠𝐵 +

𝜋

1 − 𝜋
] +

𝜋

1 − 𝜋
+

1

𝜆]

This follows directly from Propositions 2 and 4. AI’s overall impacts depend on the relative size

of its impacts through coding productivity and the bug rate. To see how a large shock to coding

productivity 𝐴(𝑡) can have a small impact on software output, consider equation 2. Here, the pass

through is governed by two expressions. First, the productivity shock is scaled by both the cost share

of coding 𝑠𝑐 and the inverse of the revenue curvature 𝜌 — i.e., pass through can be low if either 𝑠𝑐 is

low or 𝜌 is high. Secondly, it can also be offset by the effect on the bug rate — a larger effect of AI

adoption on 𝜋 or a larger cost share of bugs would also result in a lower pass-through rate. Similarly,

equation 4 demonstrates how the productivity shock may not entirely pass through to a change in

employment.
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Although the effects on coding and review employment are ambiguous, the effects on relative

employment are not. We characterize this next.

Corollary 2 (Relative allocation of labor between coding and review). The effect of AI adoption on

relative review-to-coding employment is positive.

𝑑 ln(𝐿∗𝑅/𝐿
∗
𝐶)

𝑑 ln 𝑡
=

𝑑 ln𝐴

𝑑 ln 𝑡
+

1

𝜆

𝑑 ln 𝜋

𝑑 ln 𝑡
.

This follows immediately from Proposition 1: since 𝐿∗𝐶 = 𝑄∗/𝐴 and 𝐿∗𝑅 = 𝑟∗𝑄∗
, the quantity of draft

code 𝑄∗
cancels from the ratio entirely, leaving a relationship that depends only on review intensity

and coding productivity, not on the curvature of revenue or any cost share. Because 𝑟∗ does not

respond to 𝐴 (Proposition 2) but rises with 𝜋 (Proposition 4), the coding-productivity channel and

the bug-rate channel never offset each other in this ratio the way they can for 𝐿∗𝐶 or 𝑄∗
individually:

both channels act to increase it. A firm’s staffing mix therefore shifts toward review — and never

toward coding — as AI adoption raises coding productivity or the bug rate. This provides the cleanest

theoretical counterpart to our finding that AI adoption raises the share of workers engaged in code

review without reducing the share who write code.

Finally, to separately demonstrate the importance of the productivity and bug rate channels, we

consider the limiting case where 𝜌 → ∞ — i.e., the revenue function is very concave — and hence,

the firm passes through less of the coding productivity shock to output.

Proposition 5 (Employment effects under limited output pass-through). Consider the limiting case

of Corollary 1 in which 𝜌 → ∞. Then, for coding labor, the coding-productivity channel becomes purely

labor-displacing, so the overall employment effect is determined by the relative magnitudes of the

productivity and bug-rate channels. For review labor, the employment effect is determined entirely by

the bug-rate channel. In particular,

𝑑 ln 𝐿∗𝐶

𝑑 ln 𝑡
= −

𝑑 ln𝐴

𝑑 ln 𝑡
+
𝑑 ln 𝜋

𝑑 ln 𝑡

𝜋

1 − 𝜋

𝑑 ln 𝐿∗𝑅

𝑑 ln 𝑡
=

𝑑 ln 𝜋

𝑑 ln 𝑡 [

𝜋

1 − 𝜋
+

1

𝜆]

This proposition describes a case in which the coding productivity and bug rate channels have
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distinct effects on employment. As 𝜌 → ∞, the revenue function becomes highly concave, so firms no

longer respond to higher coding productivity by expanding output. In other words, the scale effect

disappears. The coding productivity channel therefore becomes purely labor displacing: higher coding

productivity reduces the demand for coders and has no direct effect on review labor. Consequently,

any increase in employment must arise through the bug rate channel. Intuitively, if AI-generated

code requires additional verification, firms reallocate labor toward reviewing and debugging, creating

new verification work that can offset the labor-saving effects of higher coding productivity.

5.3 Discussion

The model provides a useful framework for interpreting our empirical results. Empirically, we find

that AI agents increase coding activity, review time, the share of pull requests with changes requested,

and the number of comments per pull request (Figures 11 and 12). Through the lens of the model,

the increase in coding activity identifies the productivity channel, while the increase in changes

requested and comments per review — unexplained by productivity gains alone — identifies the

bug-rate channel.

Together, these findings help explain why AI can substantially increase coding activity while

generating much smaller effects on software output and employment. As shown in Corollary 1 above,

the ultimate effect on completed software output depends on the net effect of the productivity and

quality channels, scaled by 1/𝜌: productivity improvements encourage firms to produce more draft

code, while increased verification requirements limit the extent to which these gains pass through to

completed software. The earlier propositions further demonstrate how the productivity and quality

channels each separately shape the output and employment effects.

These results and the model have important implications for managers and policymakers. Re-

alizing the benefits of AI adoption requires complementary investments in downstream review

capacity, rather than simply increasing code output. Furthermore, the appropriate firm response

also depends on the channel through which AI affects production. For instance, if AI solely affects

production through coding productivity, then labor reallocation can alleviate much of the bottleneck

effect. However, if the effect occurs through the quality channel, then alleviation would require

improvements in the technology itself.
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6 Conclusion

Generative AI has garnered significant attention in the software context, yet relatively little is

known about how improvements in individual productivity translate into firm-level outcomes. Using

novel data from an engineering analytics platform, we study the effects of firm adoption of AI

coding assistants and agents on software production. We find that both technologies increase coding

productivity, with larger effects for AI agents. Despite these gains, we find little evidence that firms

increase software output or reduce employment. Instead, the productivity gains are absorbed by

downstream constraints in the production process.

In particular, code review becomes the bottleneck. Following adoption of AI agents, the code

review process significantly increases in lengths, pull requests are more likely to require revisions,

and reviewers leave more comments. Firms respond by reallocating labor towards code review. This

bottleneck is not simply alleviated through adoption of AI code review tools — even after adoption,

humans are still involved in the code review process. Our model structures these findings by showing

that AI can have dual effects on production, by changing coding productivity as well as the bug rate

of code.

These findings have several implications for managers. First, measuring the returns to AI requires

evaluating the entire production process. Many managers rely on intermediate productivity metrics,

such as lines of code or commits; however, these may not accurately capture the true gains from

AI adoption. Second, realizing the benefits of AI adoption requires complementary organizational

investments. Changes in one production stage may shift the bottleneck to another, and hence

necessitate reallocation of labor.

More broadly, our findings suggest that the economics of AI adoption cannot be understood

by studying automated tasks in isolation. Production processes consist of multiple complementary

activities, and accelerating one stage often shifts the constraint elsewhere. Understanding where these

bottlenecks arise — and how firms reorganize to address them — will be central to understanding the

long-run effects of AI on productivity, organizational design, and labor demand.
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A Figures

figure 1. Software production process

Planning
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Notes: This figure provides an overview of the software production process, including a description of how our observed

work signals fit into the production process.
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figure 2. Examples of Jira interface

A. Jira board

B. Jira issue

Notes: This figure displays two examples of the Jira interface. Panel A shows a team’s Jira board, where software

development work is organized into issues and tracked across workflow stages. Panel B shows the interface for an

individual Jira issue, including its description, subtasks, linked epic, linked work items, and assignee.
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figure 3. Examples of GitHub interface

A. GitHub commit

B. GitHub pull request review

Notes: This figure displays two examples of the GitHub interface. Panel A shows the interface for creating a commit,

including the modified files, code changes, and commit message. Panel B shows the pull request review interface, where

collaborators review proposed code changes and provide inline comments before the changes are merged.
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figure 4. Examples of AI coding tool interface

A. AI coding assistant

B. AI coding agent

Notes: This figure displays two examples of the user interfaces for AI coding tools. Panel A displays the interface for an

AI coding assistant, GitHub Copilot. Here, the user prompts the assistant, and the AI tool generates an individual block

of code. Panel B displays the interface for an AI coding agent, Claude Code. Here, the user provides a longer prompt, and

the AI tool generates a plan as well as entire file of code.
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figure 5. Adoption of generative AI tools

A. Firm adoption of AI agents
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B. Firm adoption of AI assistants
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C. Worker adoption of AI agents
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D. Worker adoption of AI assistants

0

20

40

60

80

Pe
rc

en
t o

f E
ng

in
ee

rs
 in

 F
irm

 U
si

ng
 A

I

0 4 8 12 16
Months Since First Firm-level Usage

80-100th pctile
60-80th pctile
40-60th pctile
20-40th pctile
0-20th pctile

Notes: This figure displays information on firm-level and worker-level adoption of AI coding assistants and AI agents.

Panel A displays firm-level adoption of AI agents over time, beginning in October 2024. Vertical lines mark the release

of agentic features in Cursor (November 2024), Claude Code (February 2025), and GitHub Copilot Agent (April 2025).

Firm adoption date is measured as the earliest of: first agent activity detected through the Claude Code API, or first

instance of any form of agent activity in the commits and pull requests, as described in Section 2.4. Panel B displays the

share of firms in our sample that have adopted an AI coding assistant (GitHub Copilot or Cursor) over time, beginning

with the release of Copilot’s business license and Cursor in February 2023. Firm adoption date is measured as the first

month in which a firm purchased seats through the GitHub Copilot or Cursor licensing APIs. Panels C and D display

worker-level adoption of AI agents and AI assistants respectively, in the months elapsed since the firm’s first adoption.

The denominator is workers active on GitHub during the 12-month (Panel C) or 16-month (Panel D) window following

firm adoption. Lines correspond to quintiles of firms ranked by their end-of-period worker adoption rate.
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figure 6. Effects of AI on coding activity

A. AI agents: Lines of code
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B. AI assistants: Lines of code
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C. AI agents: Commits
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Baseline mean = 22.58. β12 = 10.11 (s.e. =  2.39). Pooled β =  4.57 (s.e. =  1.12).

D. AI assistants: Commits
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Baseline mean = 14.84. β16 =  1.84 (s.e. =  1.19). Pooled β =  1.40 (s.e. =  0.64).

E. AI agents: Pull requests
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Baseline mean =  5.34. β12 =  2.76 (s.e. =  0.64). Pooled β =  1.22 (s.e. =  0.29).

F. AI assistants: Pull requests
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Baseline mean =  3.78. β16 =  0.32 (s.e. =  0.32). Pooled β =  0.19 (s.e. =  0.17).

Notes: This figure displays event studies of the effects of AI adoption on coding productivity. In Panels A and B, the

outcome variable is the number of lines of code added, normalized by the number of workers. We construct a firm-by-

month panel, where the outcome variable in each row is the number of lines of code per worker-month — i.e., the total

number of lines of code added by the firm that month, divided by the number of engineers active in JF in that firm-month.

In Panels C and D, the outcome variable is the number of commits added per worker. In Panels E and F, the outcome

variable is the number of pull requests created per worker. In Panels A, C, and E, the treatment is adoption of AI coding

agents. In Panels B, D, and F, the treatment is adoption of AI assistants. Our specification incorporates time-varying

controls for baseline firm size and is implemented using two-way fixed effects.
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figure 7. Effects of AI on output

A. AI agents: Number of Jira issues resolved
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Baseline mean =  3.67. β12 =  0.22 (s.e. =  0.35). Pooled β =  0.12 (s.e. =  0.17).

B. AI assistants: Number of Jira issues resolved
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Baseline mean =  2.70. β16 =  0.20 (s.e. =  0.18). Pooled β =  0.09 (s.e. =  0.10).

C. AI agents: Number of Jira epics resolved
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Baseline mean =  0.16. β12 =  0.01 (s.e. =  0.02). Pooled β =  0.01 (s.e. =  0.01).

D. AI assistants: Number of Jira epics resolved
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Baseline mean =  0.11. β16 = 0.00 (s.e. =  0.01). Pooled β =  0.00 (s.e. =  0.01).

Notes: This figure displays event studies of the effects of AI adoption on software output. In Panels A and B, the outcome

variable is the number of Jira issues resolved, normalized by the number of workers. We construct a firm-by-month

panel, where the outcome variable in each row is the Jira issues resolved per worker-month — i.e., the total number

of Jira issues resolved by the firm that month, divided by the number of engineers active in JF in that firm-month. In

Panels C and D, the outcome variable is the number of Jira epics resolved per worker. In Panels A and C, the treatment is

firm-level adoption of AI coding agents. In Panels B and D, the treatment is adoption of AI assistants. Our specification

incorporates time-varying controls for baseline firm size and is implemented using two-way fixed effects.
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figure 8. Effects of AI on employment

A. AI agents: Overall employment (from Revelio)
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β12 =  0.02 (s.e. =  0.03). Pooled β =  0.01 (s.e. =  0.02).

B. AI assistants: Overall employment (from Revelio)
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β16 =  0.00 (s.e. =  0.02). Pooled β =  0.00 (s.e. =  0.01).

C. AI agents: Engineering employment (from JF)
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β12 = -0.03 (s.e. =  0.09). Pooled β = -0.04 (s.e. =  0.05).

D. AI assistants: Engineering employment (from JF)
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β16 =  0.15 (s.e. =  0.05). Pooled β =  0.07 (s.e. =  0.03).

Notes: This figure displays event studies of the effects of AI adoption on log employment. In Panels A and B, the outcome

variable is the overall employment, measured as the number of LinkedIn profiles attached to each firm each month

(not restricting to engineers). In Panels C and D, the outcome variable is the engineering employment, measured as the

number of workers who are active in the JF data in each firm-month. In Panels A and C, the treatment is adoption of AI

coding agents. In Panels B and D, the treatment is adoption of AI assistants. Our specification incorporates time-varying

controls for baseline firm size and is implemented using two-way fixed effects.
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figure 9. Effects of AI on employment, by worker seniority

A. AI agents: Overall junior employment (from Revelio)
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β12 =  0.04 (s.e. =  0.03). Pooled β =  0.02 (s.e. =  0.01).

B. AI assistants: Overall junior employment (from Revelio)
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β16 = 0.00 (s.e. =  0.02). Pooled β = 0.00 (s.e. =  0.01).

C. AI agents: Overall senior employment (from Revelio)
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β12 =  0.01 (s.e. =  0.04). Pooled β =  0.00 (s.e. =  0.02).

D. AI assistants: Overall senior employment (from Revelio)
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β16 = 0.00 (s.e. =  0.02). Pooled β = 0.00 (s.e. =  0.01).

Notes: This figure displays event studies of the effects of AI adoption on log employment, separately by junior and senior

workers. In Panels A and B, the outcome variable is the number of LinkedIn profiles of junior workers attached to the firm

each month. In Panels C and D, the outcome variable is the number of LinkedIn profiles of senior workers attached to the

firm each month. In Panels A and C, the treatment is adoption of AI coding agents. In Panels B and D, the treatment is

adoption of AI assistants. Our specification incorporates time-varying controls for baseline firm size and is implemented

using two-way fixed effects.
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figure 10. Coding share of software labor
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Notes: This figure displays software engineers’ average time allocation across three categories of tasks: coding, code

review, and management. The first column displays results based on an imputation of time allocation from work signals

in the Jellyfish data. We construct a panel of all timestamped work signals per worker and assign each signal to one of

three categories: coding (commits, pull requests submitted, Jira issues resolved), code review (pull requests reviewed or

merged), or management (Google Calendar meetings, Jira planning activity). We then impute the time spent on each

signal as the elapsed time since the prior signal, truncated at two hours. We plot the average share of time in each

category across workers. The second column displays results from a survey of 100 software engineers recruited through

Prolific. We ask engineers to assess the percent of time they spend on each category in a typical week, grouping planning,

logistics, and other responses into a single management category.
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figure 11. Effects of AI on length of code review

A. AI agents: Time per review

-10

0

10

20

Ef
fe

ct
 o

n 
D

ay
s 

to
 M

er
ge

 P
R

-8 -6 -4 -2 0 2 4 6 8 10 12
Months Since Agent Adoption

Baseline mean =  7.03. β12 =  5.90 (s.e. =  3.00). Pooled β =  3.45 (s.e. =  1.60).

B. AI assistants: Time per review
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Baseline mean =  9.34. β16 = -0.82 (s.e. =  1.40). Pooled β = -0.38 (s.e. =  0.97).

Notes: This figure displays event studies of the effects of AI adoption on the length of the code review process, defined

as the number of days between when a pull request is submitted and when it is merged. In Panel A, the treatment is

adoption of AI agents. In Panel B, the treatment is adoption of AI assistants. Our specification incorporates time-varying

controls for baseline firm size and is implemented using two-way fixed effects.
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figure 12. Effects of AI on code review process

A. AI agents: Share of PRs with changes requested
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Baseline mean = 13.00. β12 = 21.07 (s.e. =  2.26). Pooled β = 11.84 (s.e. =  1.01).

B. AI assistants: Share of PRs with changes requested
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Baseline mean = 14.23. β16 =  0.95 (s.e. =  0.89). Pooled β =  0.94 (s.e. =  0.55).

C. AI agents: Number of comments per review
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Baseline mean =  1.66. β12 =  1.21 (s.e. =  0.24). Pooled β =  0.58 (s.e. =  0.11).

D. AI assistants: Number of comments per review
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Baseline mean =  1.98. β16 =  0.03 (s.e. =  0.12). Pooled β =  0.05 (s.e. =  0.07).

Notes: This figure displays event studies of the effects of AI adoption on the code review process. In Panels A and B, the

outcome variable is the share of pull requests for which at least one reviewer submitted a formal request for changes.

In Panels C and D, the outcome variable is the number of review comments per pull request. In Panels A and C, the

treatment is adoption of AI coding agents. In Panels B and D, the treatment is adoption of AI assistants. Our specification

incorporates time-varying controls for baseline firm size and is implemented using two-way fixed effects.
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figure 13. Effects of AI on allocation of labor to code writing vs code review

A. AI agents: % of workers who write code
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Baseline mean = 43.12. β12 =  2.92 (s.e. =  2.54). Pooled β =  1.03 (s.e. =  1.24).

B. AI assistants: % of workers who write code
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Baseline mean = 38.31. β16 =  0.72 (s.e. =  1.26). Pooled β =  0.69 (s.e. =  0.70).

C. AI agents: % of workers who perform code reviews
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Baseline mean = 29.42. β12 =  8.28 (s.e. =  2.64). Pooled β =  4.14 (s.e. =  1.28).

D. AI assistants: % of workers who perform code reviews
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Baseline mean = 21.07. β16 =  1.89 (s.e. =  1.13). Pooled β =  1.76 (s.e. =  0.61).

Notes: This figure displays event studies of the effects of AI adoption on the allocation of labor to code writing and

code review. In Panels A and B, the outcome variable is the share of workers who make at least one commit in a given

firm-month. In Panels C and D, the outcome variable is the share of workers who comment on or approve at least one

pull request in a given firm-month. In Panels A and C, the treatment is adoption of AI coding agents. In Panels B and D,

the treatment is adoption of AI assistants. Our specification incorporates time-varying controls for baseline firm size and

is implemented using two-way fixed effects.
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figure 14. Usage of AI in code review

A. AI code review tool take-up
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Notes: This figure documents the extent to which AI tools are used directly in the code review process. Panel A displays

the share of firms in our sample that have adopted an AI code review tool over time. Panel B displays the share of all

review comments that are generated by AI, and the share of pull requests that receive at least one AI-generated comment.
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B Qualitative interviews

To assess the validity of our identification strategy and empirical interpretation, we conduct a series

of qualitative interviews with software engineers, engineering managers, product managers, and

related stakeholders across a range of firms. In total, we interview 21 individuals spanning different

roles, seniority levels, and company types.

The interviews provide context on firms’ AI adoption processes, the organization of software

production, and the mechanisms through which AI coding tools affect productivity, bottlenecks, and

product development. Quotes have been lightly edited for clarity.

B.1 AI adoption

Procurement Process

“We’ve got four teams involved in purchasing any tech. One is on the sourcing side, and handles large

contracts; they understand whether the contracts are financially favorable towards [the company]. You

also have legal, who will have an opinion on whether [the company’s] data and IP are protected. Security

gets involved as well. Finally, we expect IT to own and operate the tech centrally. The process typically

takes a few weeks minimum. That can also mean months. ChatGPT came out in November 2022. Fall of

2023 is when we initially acquired a few test licenses before we rolled it out.”

— Head of AI Analytics and Insights

“Our EA just asked IT and legal if it was ok to get it and got approval fast. Usually, this happens within a

day for us.” — Engineering Manager

“There is an intake procurement form, and the procurement manager will go through various assessments.

We go through quality assessments, cybersecurity assessments, and assessments about compliance. So on

average, the approval will take anywhere between six and twelve months.”

— Associate Director of Strategic Planning

Are workers allowed to use tools through individual licenses?
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“Our code is our intellectual property. What happens to the code that’s exposed to GitHub Copilot? ... We

said, ‘do not use anything that is not approved by [the company].’ ”

— Head of AI Analytics and Insights

“No, that is not allowed.” — Engineering Manager

How was the adoption decision related to the firm’s expansion plans?

“[Our company] is constantly in a growth stage, because unfortunately our shareholders care about it on

a quarterly basis.” — Associate Director of Strategic Planning

B.2 Effects of AI

Software production process

“We have our own product insights from seeing what customers are lacking, and then we also have direct

customer requests where they say, ‘hey, I need a button here that does this.’ We bring all of those insights

together and prioritize them using what is called a RICE score, looking at the level of effort, the impact

we think it will have, and the reach — how many customers it would affect.”

— Startup Founder and Former Product Manager

“Every quarter, your team does quarterly planning and decides on a bucket of projects for the quarter.

You go through and assign time estimates to each task and project. Then within the quarter, every two

weeks, we do sprint planning.”

— Senior Software Engineer

“In an ideal team situation, around 80% of the team’s effort is planned work, while 20% is focused on

fixing issues, bugs, or other things that come up unexpectedly.” — Startup Founder and Former Product

Manager

“Work typically moves through the Jira statuses of ‘Implementation’, ‘Review’, ‘QA Testing’, and then

‘Release’. For a task to get marked as completed, it not only has to be merged, but also deployed to
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production.”

— Junior Software Engineer

“After the engineer finishes building the solution, it goes into the QA process and user acceptance testing.

QA ensures that the new code has not broken the codebase or introduced inconsistencies, while user

acceptance testing ensures that the ticket actually satisfies the intended business requirements. Once both

of those are complete, the changes move into the release candidate.”

— Startup Founder and Former Product Manager

“We only resolve a Jira issue once we’ve deployed the code associated with it to production..”

— Senior Software Engineer

Coding productivity

“For simple and routine tasks, there’s so much documentation, so the models are very well-trained. With

Claude Code, I can write a draft in two seconds and it’s going to be right 90% of the time; I just have to

do a little bit of testing myself. There is a huge speed-up, on the order of 100x. But for deeper engineering

tasks, it doesn’t really save as much time — it gets stuff wrong a lot, and you end up spending more time

in the review process.” — Senior Software Engineer

“I use LLMs for nearly every task now. I do not actually type much code anymore. But I also have over a

decade of software design principles, systems knowledge, and intuition.” — Senior Software Engineer

“The model gets you maybe 95% of the way there, and then the remaining 5% is figuring out what it got

wrong and fixing it. My work became less about writing code directly and more about reviewing and

correcting what Claude produced. But it still sped up my coding work substantially.”

— Junior Software Engineer

Production bottlenecks

“We were able to write code faster in some instances, but there is only one bottleneck at a time. If you
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speed up coding, the bottleneck shifts somewhere else. In most organizations I have worked in, the real

bottleneck has been communication between business and product teams, as well as review and QA. You

can generate features much faster now, but they still need to be validated and approved by humans.”

— Senior Software Engineer

“People could make a huge number of commits quickly, but code review was still the bottleneck. On

one project, only one senior engineer was allowed to approve changes because he was the expert on the

codebase. He was so bandwidth constrained that he could only review my code once a week. After some

outages that were caused by AI-generated commits, there were also new rules requiring senior engineer

approval for AI-generated code, which created even more review bottlenecks.”

— Junior Software Engineer

“Now, pull requests are getting bigger and harder to review. It is honestly becoming more anxiety inducing

to even open the pull request and begin the review.”

— Senior Software Engineer

“Even with AI tools, you absolutely still need humans involved in the review process. I don’t see a time

where you will ever not need human oversight, even as tools get better. The AI tools lack the comprehension

of the overview of the entire feature, and what it is supposed to do.”

— Senior Software Engineer

“A lot of business-value tickets are constrained by things other than coding itself. On one project, I spent

six months waiting for legal approval for something that probably should have taken a month. Coding

agents can dramatically increase coding productivity, but Jira tickets often capture bottlenecks that AI

cannot solve.”

— Senior Software Engineer

“It’s typically our senior engineers who do reviews. It’s about having ownership over the code and the

impacts of shipping buggy code.”

— Senior Software Engineer
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C Tables

table 1. Analysis sample of JF data

A. Size of analysis sample

Number of firms Number of workers

Analysis sample 718 725,938

B. Sample observed in data sources

Share of firms

(%)

Main unit of

work activity

Number of

units

Units per active

worker-month

Version control data 99.6 Commits 200,945,700 17.77

Pull requests 49,050,030 4.34

Task management data 94.4 Issues 68,281,845 6.04

Calendar data 29.7 Events 21,270,247 14.10

Notes: This table displays summary information about the analysis sample. Panel A displays the total number of firms

and workers in the sample. Panel B displays the amount of coverage across the various sources of data.
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table 2. Firm characteristics

Mean Std. Dev.

Firm size
Total workers, Jan 2023 (Revelio) 1,652 6,015

Active engineers, Jan 2023 (JF) 241 363

Firm age
Firm age (years, as of Jan 2023) 19.3 21.4

Revenue engine
SaaS licence 0.519

Digital service operator 0.299

Software as input 0.139

Customer industry
Horizontal (business function) 0.245

Financial services and insurance 0.159

Healthcare and life sciences 0.116

Other verticals 0.481

N 718

Notes: This table displays summary statistics for the 718 firms in our analysis sample. Firm size is measured as of January

2023: total worker counts are measured from Revelio (including non-engineering employment), and active engineer

counts are the number of active workers on Jellyfish. Firm age is measured in years since each firm’s Revelio-reported

founding year. Revenue engine (SaaS licence, digital service operator, or software as input) and customer industry are

assigned using an LLM-based classification of firms’ Revelio descriptions; NA denotes firms with insufficient description

text or no matched Revelio record.
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table 3. Worker characteristics

N Share (%)

Software engineering 205910 55.2

Data science and research 22813 6.1

Other engineering 2790 0.7

Product and design 31685 8.5

Revenue 55238 14.8

General and administrative 53457 14.3

Chief executives 1019 0.3

Total 372912 100.0

Notes: This table provides an overview of the roles of workers in our data sample. Each worker’s role is assigned first from

their HR-inputted job title (from Jellyfish) where available, then from their merged LinkedIn job history, where available.

Software engineering refers to software, web, mobile, QA, DevOps, infrastructure, and security engineers, together with

engineering and information-systems managers. Data science and research covers data scientists, machine-learning

and AI engineers, analysts, statisticians, and research scientists. Other engineering captures non-software engineering

disciplines—hardware, mechanical, electrical, civil, and industrial engineering. Product and design includes product

managers and product owners as well as UX/UI, product, and graphic designers. Revenue comprises sales, marketing,

advertising, public relations, market research, and customer success and support. G&A and operations covers back-office

and overhead functions—finance and accounting, human resources, legal, operations, administrative support, and general

(non-executive) management. Chief executives denotes C-suite officers (e.g., CEO, CFO, CTO), founders, and presidents.

Workers for whom job title information is not available are excluded from this table.
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table 4. Balance between early vs late adopters

AI Assistant AI Agent

Early Adopter

(before 2024m1)

Early Adopter

(before 2025m6)

Firm size
Log total workers, Jan 2023 (Revelio) 0.047*** 0.054***

(0.013) (0.014)

Log active engineers, Jan 2023 (JF) 0.051*** 0.082***

(0.012) (0.012)

Firm age
Log firm age (years, as of Jan 2023) 0.019 -0.050**

(0.022) (0.023)

Revenue engine
SaaS licence 0.055 0.036

(0.035) (0.037)

Digital service operator -0.024 0.069*

(0.038) (0.041)

Software as input -0.061 -0.148***

(0.051) (0.054)

Customer industry
Horizontal (business function) 0.048 0.056

(0.041) (0.043)

Financial services and insurance -0.104** -0.024

(0.048) (0.051)

Healthcare and life sciences 0.005 0.019

(0.055) (0.058)

Other verticals 0.018 -0.036

(0.035) (0.037)

N 718 718

Notes: This table assesses balance between early and late adopters of AI coding tools. Each entry reports a separate

univariate OLS regression of an early-adopter indicator on the row’s firm characteristic. Column 1 defines early adoption

of AI assistants as adoption before January 2024; column 2 defines early adoption of AI agents as adoption before June

2025. Firm size is measured as log total workers (Revelio) and log active engineers (JF); firm age is measured in log years

since each firm’s Revelio-reported founding year. Revenue engine (SaaS license, digital service operator, or software as

input) and customer industry are assigned using an LLM-based classification of firms’ Revelio descriptions; NA denotes

firms with insufficient description text or no matched Revelio record. Standard errors in parentheses. *, **, *** indicate

significance at the 10%, 5%, and 1% levels.
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D Appendix Figures

figure 1. Effects of AI on coding activity with different DID estimators
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Notes: This figure displays a comparison of estimates using the estimators of Borusyak et al. (2024), de Chaisemartin &

D’Haultfœuille (2024), Callaway et al. (2021), and Sun & Abraham (2021), and two-way fixed effects. For illustration, we

estimate the effects of agent adoption on lines of code added per worker-month.
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figure 2. Comparison of productivity estimates

A. AI assistants
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B. AI agents
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Notes: This figure displays a comparison of estimates of AI coding tools’ productivity impacts, from our paper with those

of Peng et al. (2023); Cui et al. (2024); Hoffmann et al. (2024); Song et al. (2024); Becker et al. (2025); Sarkar (2025), and

Demirer, Musolff, & Yang (2026).
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figure 3. Relationship between LLM label and cycle time

A. Comparison of algorithm-assigned “length” label to task completion time
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Notes: This figure shows the validation of the “length” label assigned by our machine learning algorithm against days to

task completion, as measured in Jira. We winsorize task completion time at 30 days.

58



figure 4. Effects of AI on Jira issue size

A. AI agents: Issue size (LLM label)
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C. AI agents: Issue size (cycle time label)
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D. AI assistants: Issue size (cycle time label)
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Notes: This figure displays event studies of the effects of AI adoption on the average size of Jira issues. In Panels A and

B, issue size is measured using the LLM-based length label described in Section F.2. In Panels C and D, issue size is

measured using the predicted log cycle time from the same architecture trained on pre-period data. In Panels A and C, the

treatment is adoption of AI coding agents. In Panels B and D, the treatment is adoption of AI assistants. Our specification

incorporates time-varying controls for baseline firm size and is implemented using two-way fixed effects.
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figure 5. Effects on pull request size

A. AI agents: Size of pull requests
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B. AI assistants: Size of pull requests

-600

-300

0

300

600

Ef
fe

ct
 o

n 
Li

ne
s 

of
 C

od
e 

Ad
de

d 
pe

r P
R

-8 -6 -4 -2 0 2 4 6 8 10 12 14 16
Months Since AI Adoption

Baseline mean = 1167.17. β16 = 72.19 (s.e. = 157.04). Pooled β = 66.07 (s.e. = 100.90).

Notes: This figure displays event studies of the effects of AI adoption on the average size of pull requests. In Panels A and

B, the outcome variable is the number of lines of code added in each pull request. In Panel A, the treatment is adoption of

AI coding agents. In Panel B, the treatment is adoption of AI assistants. Our specification incorporates time-varying

controls for baseline firm size and is implemented using two-way fixed effects.
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E Appendix Tables

table 5. Example Jira tasks and labels

Task Description Length
TASK-101: Implement OAuth 2.0 authentication system
As a user, I want to log in using my Google or GitHub account so that

I don’t need to create a new password. Integrate OAuth 2.0 flow for

Google and GitHub providers, create authentication middleware for

token validation, implement session management and refresh token

logic, add user account linking functionality for existing users, write

unit and integration tests for auth flows, and update API endpoints to

use new authentication system.

Short (<4H)

TASK-102: Fix date format display in user profile
The user’s date of birth is displaying in MM/DD/YYYY format, but

should display in DD/MM/YYYY format for European users. Update

date formatting function to check user’s locale settings and apply correct

format in profile view component.

Short (<4H)

TASK-103: Conduct security audit and document remediation
plan
Perform a comprehensive security audit of the application to identify

vulnerabilities and create a detailed remediation roadmap. Review all

API endpoints for security vulnerabilities, analyze data storage and

transmission practices, evaluate third-party dependencies for known

CVEs, document all findings with severity ratings, create prioritized

remediation plan with effort estimates, and present findings to engi-

neering leadership.

Long (8-12H)

TASK-104: Update API documentation for new endpoints
Three new endpoints were added in the last sprint but

are not yet documented in our API docs. Document

/api/v2/notifications/preferences (GET, PUT)

and /api/v2/notifications/history (GET). Include

request/response examples and parameter descriptions, and update

Postman collection with new endpoints.

Long (8-12H)
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table 6. Validation of supervised learning step

MSE MAE

Length 0.4105 0.5019

Notes: This table shows the validation of the supervised learning step for assigning the “length” label. Here, the true

labels are the GPT-assigned labels, and the predicted labels are the labels assigned by the supervised learning model. We

report the mean squared error and mean absolute error.
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F Data Appendix

F.1 Measuring AI take-up

We construct firm- and individual-level AI tool adoption dates by combining two sources: (1) API

data on business license seat activations collected by JF, and (2) signals derived from GitHub commit

and pull request data.

Source 1: API data. JF’s platform integrates directlywith the APIs of three AI coding tools —GitHub

Copilot, Cursor, and Claude Code. For each integration, the API provides a seat record for every user

who has been assigned a license, including the date onwhich the seat was activated (active_date).

Where available, it also records individual query-level usage events (usage_at).

Tool codes in the raw data are mapped to three research treatment groups as follows: AI coding

assistants include GitHub Copilot (GC) and Cursor (CURS) (truncated to take-up measured pre-July

2024, to avoid conflation with take-up of AI coding agents); AI coding agents include Claude Code.

Source 2: GitHub signals. We extract three types of signals from the GitHub data.

Signal A — Bot account detection.Wematch GitHub userlogin andname fields against patterns

for over 70 known AI tools using regular expressions. Each matched account is assigned to a tool

name and category. The date of first appearance of a bot account of a given category within a firm

provides the earliest signal of that tool type’s use. The table below lists representative tools and the

account identifiers used to match them.
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Representative AI bot accounts detected in GitHub data (Signal A)

Tool Login / name pattern
Coding agents

Cursor Agent cursoragent
Devin devin-ai-integration[bot]
GitHub Copilot Agent copilot-swe-agent[bot]
Claude Code claude-code[bot]
Factory AI factory-droid[bot]
Open Hands openhands-agent
Google Jules google-labs-jules[bot]
Codegen codegen-sh[bot]
Amp amp-code
SWE-agent swe-agent

Code review tools

CodeRabbit coderabbitai[bot]
Greptile greptile-apps
Graphite graphite-app
GitHub Copilot Reviewer copilot-pull-request-reviewer
Cursor Bug Bot cursor-com[bot]
Bito AI bito-code-review
Qodo qodo-merge
Sourcery sourcery-ai
Korbit AI korbit-ai
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Signal B — Commit message signatures.We scan commit messages for text patterns associated

with specific AI tools. This signal is classified as an agent signal, as it indicates that an AI tool has

made direct code contributions.

Signal C — PR body signatures. We scan pull request body text for AI tool signatures. This signal

is also classified as an agent signal. The table below lists the patterns used for both signals.

Commit message and PR body patterns used to detect AI tool usage (Signals B and C)

Tool Pattern
Signal B: commit message patterns

Claude Code Co-authored-by: Claude + anthropic.com>
Claude Code Generated with [Claude Code]
GitHub Copilot Co-authored-by: Copilot
GitHub Copilot Agent Co-authored-by: copilot-swe-agent
Cursor Co-authored-by: Cursor
Cursor cursorrules
Windsurf Co-authored-by: Windsurf
Windsurf windsurfrules / windsurf rules
Augment Code Co-authored-by: Augment Code <support@augmentcode.com>
Gemini Code Assist Co-authored-by: gemini-code-assist
Devin app.devin.ai
OpenAI Codex Generated by OpenAI Codex

Signal C: PR body patterns

Claude Code Generated with [Claude Code]
Augment Code Pull request opened by [Augment Code]
Devin Created by Devin / devin.ai
Factory AI factory.ai / Created by Factory
OpenAI Codex Generated by OpenAI Codex
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F.2 Measuring Jira issue content

In this section, we describe our method for classifying Jira tasks based on their text descriptions.

Each Jira task contains a “summary”, a “description”, a user-inputted “issue type”, linked “project

name”, and linked “parent task”. This task information can be manually entered by a worker (the “task

creator”) or automatically generated (e.g., an automatic bug report). On average, the text descriptions

are 580 characters long, amounting to roughly 1 paragraph.

LLM labels. We begin by using the OpenAI API to classify a 0.5% random sample of tasks,

stratified by company, on the estimated time an experienced software engineer would require to

complete the task (length). We use the GPT-4o model with the following prompt:

You are a Jira task classification AI.

For each provided software engineering task, classify it according to the "length"

label defined below. Assume the perspective of a software engineer completing the

task, inferring implicit steps and context.

Length: The number of hours that an experienced software engineer

(i.e., 5+ years of work experience) would require to complete the task,

without the assistance of generative AI tools.

- 0 = Short: < 4 hours. Low complexity, routine, single-component change.

- 1 = Medium: >= 4 and < 8 hours. Medium complexity, multi-component change.

- 2 = Long: >= 8 hours and < 12 hours. High complexity, cross-team change.

- 3 = Very Long: >= 12 hours. Very high complexity, large scope change.

As output, provide the label in the following JSON format:

{"length": <int>}

Below is information about the task, including context about its parent task and project.

Classify the task itself, but use the context to inform your classification.

Project name: {project_name}

Parent task summary: {parent_task}

Task type: {issue_type}

Task summary: {summary}

Task description: {description}

Supervised extrapolation.We use a supervised learning approach to scale the GPT-assigned

labels to the full dataset.

First, to represent task descriptions numerically, we extract semantic embeddings using the

Sentence-BERT (SBERT) model all-MiniLM-L6-v2, a transformer-based architecture designed

for sentence-level encoding. This model maps each task’s text into a vector of 384 fixed dimensions.
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Second, we train a feedforward neural network in PyTorch to predict the GPT-assigned length

label from the SBERT embeddings. The network takes the 384-dimensional embeddings as input,

passes them through two hidden layers of sizes 256 and 128, each followed by batch normalization, a

ReLU activation, and dropout (𝑝 = 0.3), and outputs a single continuous value. We train with Smooth

L1 (Huber) loss, an Adam optimizer with learning rate 0.001, batch size 512, and 10 training epochs.

Evaluated on a held-out 1% test set, the model achieves an MAE of 0.50 on the 0–3 scale.

Finally, we apply the trained model to all tasks, rounding the continuous output to the nearest

integer and clipping to {0, 1, 2, 3} to obtain discrete length category predictions.

67



G Proofs Appendix

Proposition 1 (Firm’s optimum).

proof. First, substitute 𝐿𝐶 = 𝑄/𝐴 and 𝐿𝑅 = 𝑟𝑄 into the firm’s problem:

max
𝑄,𝑟

𝑅(𝑄(1 − 𝜋)) − 𝑄
[

𝑤𝐶

𝐴
+ 𝑤𝑅𝑟 + 𝓁𝜋(1 − 𝑑(𝑟))

]
.

Take the first-order condition with respect to 𝑟 :

−𝑄 [𝑤𝑅 − 𝓁𝜋𝑑
′
(𝑟

∗
)] = 0,

which implies

𝑑
′
(𝑟

∗
)𝓁𝜋 = 𝑤𝑅.

Similarly, take the first-order condition with respect to 𝑄:

(1 − 𝜋)𝑅
′
(𝑄

∗
(1 − 𝜋)) =

𝑤𝐶

𝐴
+ 𝑤𝑅𝑟

∗
+ 𝓁𝜋[1 − 𝑑(𝑟

∗
)] ≡ 𝑐

∗
.

where 𝑐∗ denotes the total cost of producing an extra unit of code, including the cost of reviewers and the

expected losses from bugs. Finally, the labor constraints imply:

𝐿
∗
𝐶 =

𝑄∗

𝐴
, 𝐿

∗
𝑅 = 𝑟

∗
𝑄

∗
.

Proposition 2 (Effects of increase in coding productivity).

proof. First, we obtain an expression for
𝑑 ln 𝑟∗

𝑑 ln𝐴
. The review FOC is

𝑑
′
(𝑟

∗
)𝓁𝜋 = 𝑤𝑅,

which does not depend on 𝐴. Hence

𝑑 ln 𝑟∗

𝑑 ln𝐴
= 0.

Next, we obtain an expression for
𝑑 ln𝑄∗

𝑑 ln𝐴
= 𝑑 ln𝐺∗

𝑑 ln𝐴
. The output FOC is

(1 − 𝜋)𝑅
′
(𝐺

∗
) = 𝑐

∗
.

Taking logs gives

ln(1 − 𝜋) + ln 𝑅
′
(𝐺

∗
) = ln 𝑐

∗
.
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Holding 𝜋 fixed and differentiating with respect to ln 𝐴,

𝑑 ln 𝑅′(𝐺∗)

𝑑 ln𝐺∗

𝑑 ln𝐺∗

𝑑 ln𝐴
=

𝑑 ln 𝑐∗

𝑑 ln𝐴
.

Recall that, by definition,

−
𝑑 ln 𝑅′(𝐺∗)

𝑑 ln𝐺∗
∶= 𝜌

and, by the envelope theorem,

𝑑 ln 𝑐∗

𝑑 ln𝐴
= −

𝑤𝐶/𝐴

𝑐∗
= −𝑠𝐶 .

Substituting these two expressions in, we get

−𝜌
𝑑 ln𝐺∗

𝑑 ln𝐴
= −𝑠𝐶

𝑑 ln𝐺∗

𝑑 ln𝐴
=

𝑠𝐶

𝜌
.

Because 𝜋 is fixed and 𝐺∗ = 𝑄∗(1 − 𝜋),
𝑑 ln𝑄∗

𝑑 ln𝐴
=

𝑑 ln𝐺∗

𝑑 ln𝐴
=

𝑠𝐶

𝜌
.

Finally, we obtain expressions for
𝑑 ln 𝐿∗𝐶
𝑑 ln𝐴

and
𝑑 ln 𝐿∗𝑅
𝑑 ln𝐴

.

𝐿
∗
𝐶 =

𝑄∗

𝐴
⇒

𝑑 ln 𝐿∗𝐶

𝑑 ln𝐴
=

𝑑 ln𝑄∗

𝑑 ln𝐴
− 1 =

𝑠𝐶

𝜌
− 1,

𝐿
∗
𝑅 = 𝑟

∗
𝑄

∗
⇒

𝑑 ln 𝐿∗𝑅

𝑑 ln𝐴
=

𝑑 ln 𝑟∗

𝑑 ln𝐴
+
𝑑 ln𝑄∗

𝑑 ln𝐴
=

𝑠𝐶

𝜌
.

Proposition 3 (Bottleneck from productivity channel).

proof. Suppose 𝐿𝑅 = 𝐿̄𝑅 is fixed, so that 𝑟 = 𝐿̄𝑅/𝑄. Substituting into the firm’s problem, and noting that the

term 𝑤𝑅𝐿̄𝑅 is a constant that does not affect the choice of 𝑄, the firm solves

max
𝑄

𝑅(𝑄(1 − 𝜋)) −
𝑤𝐶

𝐴
𝑄 − 𝓁𝑄𝜋

[
1 − 𝑑

(

𝐿̄𝑅

𝑄 )]
.

The first-order condition is

(1 − 𝜋)𝑅
′
(𝑄(1 − 𝜋)) =

𝑤𝐶

𝐴
+ 𝓁𝜋[1 − 𝑑(𝑟)] + 𝓁𝜋𝑑

′
(𝑟)𝑟 ≡ 𝑐̃(𝑄), 𝑟 =

𝐿̄𝑅

𝑄
.

Evaluate this at a point where 𝐿̄𝑅 = 𝑟∗𝑄, so that 𝑟 = 𝑟∗; using the review first-order condition 𝑤𝑅 = 𝓁𝜋𝑑′(𝑟∗)

from Proposition 1, 𝑐̃(𝑄) = 𝑐∗, so the constrained and unconstrained marginal costs of code coincide at this

point.

Differentiating ln(1 − 𝜋) + ln 𝑅′(𝑄(1 − 𝜋)) = ln 𝑐̃(𝑄) with respect to ln 𝑄 and ln 𝐴, holding 𝜋 fixed, and
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using −
𝑑 ln 𝑅′(𝐺∗)

𝑑 ln𝐺∗ = 𝜌,

−𝜌 𝑑 ln𝑄 =
𝜕 ln 𝑐̃

𝜕 ln𝐴
𝑑 ln𝐴 +

𝜕 ln 𝑐̃

𝜕 ln𝑄
𝑑 ln𝑄.

Only the first term of 𝑐̃(𝑄) depends on 𝐴, so 𝜕 ln 𝑐̃
𝜕 ln𝐴

= −
𝑤𝐶/𝐴

𝑐∗
= −𝑠𝐶 , exactly as in Proposition 2. For the second

term, write the 𝑟-dependent part of 𝑐̃ as ℎ(𝑟) ∶= 𝓁𝜋[1 − 𝑑(𝑟)] + 𝓁𝜋𝑑′(𝑟)𝑟 , so that

ℎ
′
(𝑟) = −𝓁𝜋𝑑

′
(𝑟) + 𝓁𝜋𝑑

′′
(𝑟)𝑟 + 𝓁𝜋𝑑

′
(𝑟) = 𝓁𝜋 𝑑

′′
(𝑟) 𝑟.

Since 𝑟 = 𝐿̄𝑅/𝑄, we have
𝑑𝑟

𝑑 ln𝑄
= −𝑟 . Hence, evaluated at 𝑟 = 𝑟∗,

𝜕 ln 𝑐̃

𝜕 ln𝑄

|
|
|
|𝑟=𝑟∗

=
1

𝑐∗
ℎ
′
(𝑟

∗
)

𝑑𝑟

𝑑 ln𝑄
=

1

𝑐∗
[𝓁𝜋 𝑑

′′
(𝑟

∗
) 𝑟

∗
](−𝑟

∗
) = −

𝓁𝜋 𝑑′′(𝑟∗)(𝑟∗)2

𝑐∗
.

Using 𝜆 ≡ −
𝑟∗𝑑′′(𝑟∗)

𝑑′(𝑟∗)
and 𝑠𝑅 ≡

𝑤𝑅𝑟
∗

𝑐∗
=

𝓁𝜋𝑑′(𝑟∗)𝑟∗

𝑐∗
, this becomes

𝜕 ln 𝑐̃

𝜕 ln𝑄

|
|
|
|𝑟=𝑟∗

= 𝜆 𝑠𝑅.

Substituting into the differentiated first-order condition,

−𝜌 𝑑 ln𝑄 = −𝑠𝐶 𝑑 ln𝐴 + 𝜆𝑠𝑅 𝑑 ln𝑄 ⟹
𝑑 ln𝑄∗

𝑑 ln𝐴

|
|
|
|𝐿̄𝑅

=
𝑠𝐶

𝜌 + 𝜆𝑠𝑅
.

Since 𝜆, 𝑠𝑅 > 0, this is strictly smaller than 𝑠𝐶/𝜌, the pass-through under flexible reallocation established in

Proposition 2. Because 𝜋 is fixed, 𝐺∗ = 𝑄∗(1 − 𝜋), so the same expression holds for
𝑑 ln𝐺∗

𝑑 ln𝐴
|
|𝐿̄𝑅

.

Proposition 4 (Effects of increase in the bug rate, bottleneck from bug rate channel).

proof. First, we obtain an expression for
𝑑 ln 𝑟∗

𝑑 ln 𝜋
. The review FOC is

𝑑
′
(𝑟

∗
)𝓁𝜋 = 𝑤𝑅.

Taking logs gives

ln 𝑑
′
(𝑟

∗
) + ln 𝓁 + ln 𝜋 = ln𝑤𝑅.

Differentiating with respect to ln 𝜋,

𝑑 ln 𝑑′(𝑟∗)

𝑑 ln 𝑟∗

𝑑 ln 𝑟∗

𝑑 ln 𝜋
+ 1 = 0.

Recall that, by definition,

𝜆 ≡ −
𝑑 ln 𝑑′(𝑟∗)

𝑑 ln 𝑟∗
,

we obtain

𝑑 ln 𝑟∗

𝑑 ln 𝜋
=

1

𝜆
.
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Next, we obtain expressions for
𝑑 ln𝐺∗

𝑑 ln 𝜋
and

𝑑 ln𝑄∗

𝑑 ln 𝜋
. The output FOC is

(1 − 𝜋)𝑅
′
(𝐺

∗
) = 𝑐

∗
.

Taking logs,

ln(1 − 𝜋) + ln 𝑅
′
(𝐺

∗
) = ln 𝑐

∗
.

Differentiating with respect to ln 𝜋 gives

−
𝜋

1 − 𝜋
+
𝑑 ln 𝑅′(𝐺∗)

𝑑 ln𝐺∗

𝑑 ln𝐺∗

𝑑 ln 𝜋
=

𝑑 ln 𝑐∗

𝑑 ln 𝜋
.

By the envelope theorem, since 𝑟∗ is chosen optimally,

𝑑𝑐∗

𝑑𝜋
= 𝓁[1 − 𝑑(𝑟

∗
)],

so

𝑑 ln 𝑐∗

𝑑 ln 𝜋
=

𝓁𝜋[1 − 𝑑(𝑟∗)]

𝑐∗
= 𝑠𝐵.

Substituting this and

𝑑 ln 𝑅′(𝐺∗)

𝑑 ln𝐺∗
= −𝜌

yields

−
𝜋

1 − 𝜋
− 𝜌

𝑑 ln𝐺∗

𝑑 ln 𝜋
= 𝑠𝐵,

or

𝑑 ln𝐺∗

𝑑 ln 𝜋
= −

1

𝜌 (
𝑠𝐵 +

𝜋

1 − 𝜋)
.

Since 𝐺∗ = 𝑄∗(1 − 𝜋),
𝑑 ln𝐺∗

𝑑 ln 𝜋
=

𝑑 ln𝑄∗

𝑑 ln 𝜋
−

𝜋

1 − 𝜋
.

Therefore,

𝑑 ln𝑄∗

𝑑 ln 𝜋
= −

1

𝜌 (
𝑠𝐵 +

𝜋

1 − 𝜋)
+

𝜋

1 − 𝜋
.

Finally, we obtain expressions for
𝑑 ln 𝐿∗𝐶
𝑑 ln 𝜋

and
𝑑 ln 𝐿∗𝑅
𝑑 ln 𝜋

. Because 𝐿∗𝐶 = 𝑄∗/𝐴 and 𝐴 is held fixed,

𝑑 ln 𝐿∗𝐶

𝑑 ln 𝜋
=

𝑑 ln𝑄∗

𝑑 ln 𝜋
.

Finally, since 𝐿∗𝑅 = 𝑟∗𝑄∗
,

𝑑 ln 𝐿∗𝑅

𝑑 ln 𝜋
=

𝑑 ln 𝑟∗

𝑑 ln 𝜋
+
𝑑 ln𝑄∗

𝑑 ln 𝜋
=

1

𝜆
+
𝑑 ln𝑄∗

𝑑 ln 𝜋
.

Corollary 1 (Overall effects of AI).
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proof. The result follows by applying the chain rule to Propositions 2 and 4. For any outcome 𝑌 ∈ {𝑟∗, 𝐺∗, 𝑄∗, 𝐿∗𝐶 , 𝐿
∗
𝑅},

ln 𝑌

ln 𝑡
=

ln 𝑌

ln𝐴

ln𝐴

ln 𝑡
+
ln 𝑌

ln 𝜋

ln 𝜋

ln 𝑡
.

Substituting the comparative statics from Propositions 2 and 4 gives the expressions in the corollary. For item

2, for instance, Proposition 2 gives
𝑑 ln𝐺∗

𝑑 ln𝐴
=

𝑠𝐶
𝜌
and Proposition 4 gives

𝑑 ln𝐺∗

𝑑 ln 𝜋
= − 1

𝜌(
𝑠𝐵 +

𝜋
1−𝜋)

, so

𝑑 ln𝐺∗

𝑑 ln 𝑡
=

𝑠𝐶

𝜌

𝑑 ln𝐴

𝑑 ln 𝑡
−

1

𝜌(
𝑠𝐵 +

𝜋

1 − 𝜋)

𝑑 ln 𝜋

𝑑 ln 𝑡
,

which is the stated expression. The remaining items follow the same way.

Proposition 5 (Employment effects under limited output pass-through).

proof. The result follows from Corollary 1. As 𝜌 → ∞, 1/𝜌 → 0. Thus, we can simplify the expressions for

the effects on coding and review labor:

𝑑 ln 𝐿∗𝐶

𝑑 ln 𝑡
= −

𝑑 ln𝐴

𝑑 ln 𝑡
+

𝜋

1 − 𝜋

𝑑 ln 𝜋

𝑑 ln 𝑡

and

𝑑 ln 𝐿∗𝑅

𝑑 ln 𝑡
=
(

𝜋

1 − 𝜋
+

1

𝜆)

𝑑 ln 𝜋

𝑑 ln 𝑡

Corollary 2 (Relative allocation of labor between coding and review).

proof. From Proposition 1, 𝐿∗𝐶 = 𝑄∗/𝐴 and 𝐿∗𝑅 = 𝑟∗𝑄∗
, so

𝐿∗𝑅

𝐿∗𝐶
=

𝑟∗𝑄∗

𝑄∗/𝐴
= 𝑟

∗
𝐴.

Taking logs, ln(𝐿∗𝑅/𝐿
∗
𝐶) = ln 𝑟∗ + ln𝐴. Differentiating with respect to ln 𝐴, holding 𝜋 fixed, and using

𝑑 ln 𝑟∗

𝑑 ln𝐴
= 0

from Proposition 2,

𝑑 ln(𝐿∗𝑅/𝐿
∗
𝐶)

𝑑 ln𝐴
=

𝑑 ln 𝑟∗

𝑑 ln𝐴
+ 1 = 1.

Differentiating with respect to ln 𝜋, holding 𝐴 fixed, and using
𝑑 ln 𝑟∗

𝑑 ln 𝜋
= 1

𝜆
from Proposition 4,

𝑑 ln(𝐿∗𝑅/𝐿
∗
𝐶)

𝑑 ln 𝜋
=

𝑑 ln 𝑟∗

𝑑 ln 𝜋
=

1

𝜆
.

By the chain rule,

𝑑 ln(𝐿∗𝑅/𝐿
∗
𝐶)

𝑑 ln 𝑡
=

𝑑 ln(𝐿∗𝑅/𝐿
∗
𝐶)

𝑑 ln𝐴

𝑑 ln𝐴

𝑑 ln 𝑡
+
𝑑 ln(𝐿∗𝑅/𝐿

∗
𝐶)

𝑑 ln 𝜋

𝑑 ln 𝜋

𝑑 ln 𝑡
=

𝑑 ln𝐴

𝑑 ln 𝑡
+

1

𝜆

𝑑 ln 𝜋

𝑑 ln 𝑡
,

which is the stated expression.
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