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New technologies reshape how firms do work (David, 1990). These effects are uneven.

Technologies impact some production processes more than others, which influences

adoption and output (Atkinson and Stiglitz, 1969; Bartel et al., 2007). Technologies also

reallocate the tasks workers perform, which influences the returns to worker skills (Katz

and Murphy, 1992; Autor et al., 2003; Acemoglu and Restrepo, 2019).

AI agents integrate the general technology of a foundation model into the specific

context of a firm. Early applications of AI provided workers with support for predeter-

mined tasks or work in progress (Friedman, 2021; Brynjolfsson et al., 2025b; Angelova

et al., 2025). Recent advances in agentic AI allow workers to delegate entire tasks to

machines (Yao et al., 2023; Schick et al., 2023; Ide and Talamàs, 2025).

Agents change AI from a support tool to a delegation tool. The resulting shift in

worker effort from implementation to supervision increases potential output. However, it

also creates an alignment problem—agent actions may not follow worker intent (Aghion

and Tirole, 1997). The alignment problem may be less severe when agents are used for

easier-to-verify work (Holmström, 1979), and when workers can more clearly specify

how to produce the output (Simon, 1973). Agents may therefore be more effective

technologies for verifiable work and expert workers.

This paper analyzes data from the coding platform Cursor to study the impacts of AI

agents on software production. I find a strong shift to AI agent use in production, as well

as evidence consistent with higher effectiveness for verifiable work and expert workers.

Agents have replaced AI autocompletion as the primary AI feature used on the platform.

The majority of messages from workers to agents delegate task implementation, though

workers also use agents to gather context and develop plans. Agent usage is frequent

in non-engineering functions, which are likely to have easier-to-verify software outputs.

In addition, experienced workers appear to be more skilled at using agents. Based on

variation from the agent feature’s release timeline, I estimate that agents increased

firm-level output, especially for firms with more non-engineers and firms with more

experienced workers.

Background The current generation of AI agents combines foundation models with

scaffolds—integrations that call external tools, and use feedback from tool outputs to

guide model generations (Yao et al., 2023; Schick et al., 2023). In software development,

these integrations allow agents to read code, browse company communications, search

the internet, execute software, and edit code. In law, agents can search case databases,

read internal documents, and edit drafts; in accounting, agents can read transaction data,
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flag anomalies, and generate financial statements. While workers can use standalone

foundation models to ask general knowledge questions, agents introduce context from a

specific production environment, and actuators that allow workers to generate output

within the production environment.

Agents let workers shift effort from implementation to supervision. Much of produc-

tion is bound by implementation-heavy, syntactic tasks—work that translates specified

intent into output. These tasks include writing code from a product roadmap, drafting

slides from an outline, and matching expenses to accounting categories. As agents lower

the cost of implementation, production shifts to higher-order, semantic tasks—work

that specifies what to produce and evaluates generated output. These tasks include

writing product roadmaps, producing outlines, and defining accounting categories—and

evaluating the resulting output.

Software has been one of the earliest domains to adopt agents. In software, code

is available in open-source codebases as pre-training data and is cheap to produce and

reward as post-training data. Software also has a production feedback loop—developers

of coding agents consume the tools they produce, which increases the pace of agent

development. Moreover, software is a technical field whose workers may be more willing

to use technologies at early stages.

The datasets used in this paper cover professional users of the software platform

Cursor. The main analysis sample studies usage patterns using internal data covering

119,960 users across 1,000 randomly sampled firms. This sample is combined with data

on usage frequencies, AI accept rates, and message intents. An additional sample of

firm-level metadata covering 323,589 code merges from a subset of 32 firms that used a

specific platform feature is used in the final section to estimate effects on output.

Agents shift work effort from implementation to supervision Agents have replaced

AI autocompletion as the most common AI instrument used for software production.

In the early 2020s, commercial software platforms like Copilot and Cursor offered AI

autocompletion products, which suggest new code as users type into code editors. In late

2024, commercial software platforms began to integrate agents. While autocompletion

offers suggestions as workers implement tasks, agents allow workers to delegate self-

contained tasks. Cursor’s agent was initially released in beta on November 24, 2024,

with a full release on February 19, 2025. In April 2025, agents passed autocompletion

as the most used AI instrument among active users. By the start of 2026, 92% of active

users used agents.
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In their messages to agents, workers specify tasks to implement, ask questions, and

develop plans. 59% of agent messages are instructions to write code—messages with

implementation intents require workers to specify production guidelines and evaluate

generated output. 33% of messages are questions to the agent, which include requests to

explain code behavior and errors—workers delegate some information-gathering tasks

to agents. 4% of first messages are instructions to develop plans—for complex tasks,

generating and reviewing an agent-written plan may improve the alignment between

user and agent (Mozannar et al., 2025).

Meanwhile, fewer workers appear to be executing tasks manually. By the end of

the sample period, 57% of active users used AI autocompletion. Since manual code

keystrokes in the code editor automatically trigger the AI autocompletion feature, as

many as 43% of users may no longer be manually typing code. These results are

consistent with a shift away from manual implementation and toward worker-supervised

implementation with agents in software development.

Agents appear more effective for verifiable work and expert workers When agents

reduce the cost of implementation, production becomes more bound by verification.

Since agents may not perfectly adhere to worker intent, agent use becomes more feasible

when outputs are easier to verify. Across roles, design mockups and product demos may

be easier to verify than backend software and model training pipelines. Across sectors,

consulting outputs like dashboards may be easier to verify than dependency-heavy

outputs like developer tools and trading algorithms.

On the extensive margin, workers in roles and sectors with verifiable work outputs

are more likely to use only agents, without any AI autocompletion usage. In an average

week, 56% of designers and 61% of product managers use only agents, compared to

36% of software engineers and 35% of data/machine learning workers. In an average

week, 40% of workers at consulting firms use only agents, compared to 38% of workers

at financial firms and 37% of workers at software firms. Similar patterns hold on the

intensive margin. Designers send 37% more agent messages than software engineers.

Workers at consulting firms send 12% more messages than workers at financial firms,

and 4% more messages than workers at software firms.

Agents may produce more aligned output for workers who can clearly specify intent

and effectively coordinate with agents. These skills may be more developed among

expert workers. To evaluate these predictions, I use work experience as a proxy for

expertise. Experienced workers have spent more years gathering production context and
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delegating tasks to others, which may increase their proficiency using agents.

Experienced workers ask fewer questions with agents, and are more likely to develop

plans in their first messages. One standard deviation increase in work experience is

associated with 4% lower ask intent rates across all agent messages, and 11% higher plan

intent rates in conversation-starting messages. These relationships are quantitatively

similar after adjusting for role and sector fixed effects. Experienced workers seem to have

enough production context that they rely less on agents to answer questions. Experienced

workers also seem to seek greater alignment with agents by developing and reviewing

plans in conversation-starting messages.

Instructions from experienced workers appear to produce more aligned agent output.

One standard deviation increase in work experience is associated with a 2% higher rate of

accepting agent-generated output. By contrast, one standard deviation increase in work

experience is associated with a 4% lower rate of accepting autocompletion-generated

output. Autocompletion provides generic output suggestions—accepting these sugges-

tions can break flow, which may be more costly for experienced workers. Meanwhile,

agents allow workers to specify custom outputs, which may reward experienced workers

who have more specification skill. This reversal of the experience gradient between AI

autocompletion and agents mirrors the predictions from Ide and Talamàs (2025) on the

differing effects of copilot and coworker AI tools.

Agents increase output, especially for firms with verifiable work and expert workers

Agent use is associated with higher output. I use a difference-in-differences design that

compares outcomes in the weeks surrounding the agent’s release. When the agent was

fully released on February 19, 2025, it became the default code generation tool on the

platform. I analyze the output metrics sample, where the comparison is between 24

firms that were already using the platform when the analysis period began (the “eligible

group”) and 8 firms that were not using the platform during the analysis period (the

“baseline group”). The data for both groups is backfilled and comprehensive—it does

not restrict only to merges made through Cursor. In the 15-week period after the agent’s

full release, weekly code merges were 39% higher in the eligible group relative to time

trends in the baseline group. There were no significant changes in revert rates, and

decreases in bugfix rates, after the feature release—these results are consistent with no

short-run codebase deterioration, but do not measure structural, longer-horizon changes

in quality from agent use. In addition, there were no significant changes in lines edited

per merge or files touched per merge, which is consistent with similar scope of additional

4



output after the agent’s release.

Output increases were greater in firms with smaller engineer shares and with more

experienced workers. I extend the difference-in-differences specification by splitting the

eligible firms across medians of software engineer share and average work experience.

For firms with lower software engineer shares, the increase in weekly merges was 50%;

for firms with higher software engineer shares, the increase was 30%. For firms with

lower average work experience, the increase in weekly merges was 23%; for firms

with higher average work experience, the increase was 52%. In firms with many non-

engineering workers like product managers and designers, work output may be easier to

verify; in firms with many experienced workers, agent users may have more production

context that guides more effective use.

Related literature This paper studies how AI agents influence knowledge work. Agents

differ from previous applications of AI to production in two key ways. First, rather than

providing workers with scoped recommendations and task guidance (e.g. Angelova et al.,

2025; Friedman, 2021; Brynjolfsson et al., 2025b), agents allow workers to specify and

delegate custom tasks. The shift from support to delegation may reward expert workers.

Second, rather than operating as standalone foundation models (e.g. Noy and Zhang,

2023; Humlum and Vestergaard, 2025; Chatterji et al., 2025), agents use scaffolds that

integrate models with specific production context. Agent scaffolds act as complements to

the upstream technology of foundation models, which allow agents to be used both for

context gathering and implementation.

This paper builds on the literature studying technology and production. The impacts

of information technologies vary across task types, management practices, and organiza-

tion characteristics (Mansfield, 1961; Bresnahan and Trajtenberg, 1995; Brynjolfsson

and Hitt, 2000; Athey and Stern, 2002; Autor et al., 2003; Acemoglu and Autor, 2011;

Syverson, 2011; Bloom et al., 2014; Acemoglu et al., 2024). Computation can scaffold

memory and reasoning, and can offload mental processes to external environments

(Hutchins, 2006; Kirsh and Maglio, 1994; Zhang and Norman, 1994; Clark and Chalmers,

1998; Risko and Gilbert, 2016). This paper studies the integration of coding agents into

software production. Agents help to offload the syntactic activity of implementation,

and shift work patterns toward communicating logic in natural language and evaluating

generated outputs.

This paper contributes to the literature on AI, work experience, and expertise. Prior

research that analyzes ChatGPT usage has found a junior skew—Humlum and Vester-
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gaard (2025) find that the platform was more likely to be used by younger workers;

Chatterji et al. (2025) find that younger people are a higher share of users. Brynjolfsson

et al. (2025b) find that a conversational assistant disproportionately improved output

for lower-skill workers. Similar to this paper’s findings on experience, Daniotti et al.

(2026) find that experienced developers in open source software had higher AI-assisted

commit rates than less experienced developers. In addition, Weidmann et al. (2025)

experimentally find that skill leading human teams is related to skill leading AI agents.

Demirer et al. (2026) study AI in production task chains, and consider how AI changes

skill requirements. Labor market effects of AI tools depend on how applications relate

to worker expertise (Garicano and Rossi-Hansberg, 2006; Autor and Thompson, 2025),

changes in demand for worker skills (Katz and Murphy, 1992), the reallocation of tasks

within roles (Hampole et al., 2025), and the creation of new work (Autor et al., 2026).1

This paper finds that while less experienced workers are more likely to accept AI auto-

completion suggestions, experienced workers are more likely to accept agent suggestions.

In addition, agents increase output more in firms with more experienced workers. This

evidence is consistent with the predictions from Ide and Talamàs (2025) and Autor

and Thompson (2025), who find that the complementarity between automation and

expertise depends on the distribution of automated tasks.

This paper also contributes to the literature on AI’s effects on software development.

One segment of this literature studies the effects of AI autocompletion usage, or treat-

ments that mix autocompletion, non-agentic chat, and agent usage (Cui et al., 2024;

Peng et al., 2023; Hoffmann et al., 2024; He et al., 2025; Chen and Stratton, 2026).2

Recent empirical studies focusing on coding agents have analyzed the distribution of

user messages (Anthropic, 2025) and the overall adoption of agents (Albarran, 2025).

Chen et al. (2025) conduct a user study of agents with 20 student programmers and

1Recent hiring for junior workers has differed across occupations and firms—some researchers argue
these differences may stem from AI exposure (Brynjolfsson et al., 2025a; Lichtinger and Maasoum, 2025),
and other researchers find smaller aggregate reallocation (Gimbel et al., 2025). The effectiveness of AI
applications has varied across tasks (Dell’Acqua et al., 2023; Dillon et al., 2025), and people do not always
effectively infer how model performance generalizes across domains (Vafa et al., 2024).

2Field experiments (Cui et al., 2024) and task-specific experiments (Peng et al., 2023; Paradis et al.,
2024) find shorter task completion times for people who use AI-assisted programming, particularly among
less experienced developers. Across open source repositories, Hoffmann et al. (2024) find that developers
eligible for AI-assisted coding tools shifted their work toward coding outputs and away from project
management outputs, He et al. (2025) find transient increases in output and long-run increases in code
complexity, and Daniotti et al. (2026) find increases in output, especially for experienced workers. Across
professional developers, Chen and Stratton (2026) study productivity effects of AI-assisted programming
tools among categories of output tasks, and Arcolano (2025) finds positive correlations between AI use,
software production speed, and bugfix rates.
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find increases in speed and correctness, as well as decreases in perceived understand-

ing. Becker et al. (2025) randomize AI availability across tasks among 16 open-source

developers and find longer completion times for AI-use tasks, and Shen and Tamkin

(2026) randomize AI availability across 52 developers who apply a new software library,

and find lower conceptual understanding among AI users. In interviews with more than

70 software developers, Thompson (2026) finds that programmers have been moving

toward more abstract, supervisory work. This paper studies the diffusion and usage of

agents across professional developers in 1,000 firms, and analyzes how agents influence

production. By measuring message intent and output accept rates, and linking these to

user characteristics, the paper provides micro evidence on how different types of workers

use agents. It also distinguishes AI for support and delegation—and studies mechanisms

like verifiability and expertise—which may help to interpret AI’s heterogeneous effects

on software development.

Finally, this paper contributes to the broader literature on AI’s economic effects, which

includes work studying AI and productivity (e.g. Noy and Zhang, 2023; Brynjolfsson

et al., 2025b), the growing footprint of AI use (e.g. McElheran et al., 2024; Bick et

al., 2024; Humlum and Vestergaard, 2025; Chatterji et al., 2025; Blank et al., 2026),

and interaction patterns with language models (e.g. Zhao et al., 2024; Handa et al.,

2025; Tomlinson et al., 2025; Chatterji et al., 2025).3 This paper studies how AI agents

influence the production of knowledge work.

1. Organizing Framework

I present a simple framework to organize the paper’s empirical results. The motivating

idea is that agentic AI differs from prior AI applications because it shifts AI’s role from a

support tool to a delegation tool. When a worker delegates implementation, their role

shifts to specifying the problem and verifying the result. This creates scope for higher

output, but also introduces an alignment problem where output does not match worker

intent. This alignment problem is reduced when output is easier to verify and workers

are more skilled at specifying their intent. The framework predicts that workers use

agents more for verifiable outputs, that expert workers develop more plans with agents,

and that expert workers can use agents to produce more aligned output.

3Additional work in this area studies AI as cognitive automation for research (Korinek, 2023), market
effects of agents (Rothschild et al., 2025; Shahidi et al., 2025; Hadfield and Koh, 2025), worker preferences
for agents (Shao et al., 2025), and agents as representations of people (Liang, 2025; Imas et al., 2025).
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1.1. Setting

Each worker i has expertise ei ≥ 0: Higher expertise corresponds to higher domain

knowledge and evaluation skill. Each work output j has verifiability vj ∈ [0, 1]: Higher

verifiability means it is easier to evaluate whether the output satisfies the worker’s goals.

The value of a successfully completed output is normalized to one. The worker can

produce the output using one of three modes

Manual implementation The worker implements the output directly. The worker’s

cost is

CM(ei) =
1

1 + ϕei

Copilot assisted implementation AI assists with local implementation but does not

implement the full output. The cost is

CC(ei) =
1 − α

1 + ϕei
+ κ(ei)

where α ∈ (0, 1) is the direct implementation assistance by the AI copilot, and κ(ei) is

an interruption cost. If experienced workers are already proficient at implementation,

or if generic suggestions are less useful for them, the gain from copilot use does not

necessarily increase in expertise.

Agent delegation The worker does not implement the output manually. Instead, the

worker chooses specification effort s ≥ 0, delegates the work to the agent, and verifies

the output. The expected cost is

CA(vj, ei) = min
s≥0

ψ(s, ei) + τ(vj, ei) + p(s, vj)R

R > 0 is the cost of rework to fix a misaligned output. ψ(s, ei) reflects the cost of writing

a good plan or specification. Assume ψ(s, ei) = s2

2(1+λei)
with λ > 0, so specification

is less costly for expert workers. τ(vj, ei) reflects the cost of verification. Assume

τ(vj, ei) =
τ̄(1−vj)
1+µei

where τ̄, µ > 0, so verification is easier for verifiable outputs and

expert workers. p(s, vj) reflects the probability of misalignment between worker intent

and agent output. Assume that p(s, vj) = exp{−(βss + βvvj)} with βs, βv > 0.
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This setup makes a distinction between support tools and delegation tools. Copilots

reduce the cost of implementation while the worker remains the main producer. Agents

reduce the need for implementation, while increasing the importance of specification and

verification. The comparative advantage of an expert worker depends on the composition

of human tasks after an AI tool is introduced.

1.2. Predictions

The worker chooses the production mode with the lowest expected cost. Agent delegation

is optimal when CA(vj, ei) ≤ min{CM(ei), CC(ei)}. Section A.1 presents additional

derivations supporting the predictions that follow from this setup.

Prediction 1 (Agent delegation is more attractive for outputs with higher verifiability).

For fixed ei, CA(vj, ei) is strictly decreasing in vj, while CM and CC do not depend on vj.

Prediction 2 (Optimal specification effort rises with worker expertise). The first-order
condition is s∗

1+λei
= βsR exp{−(βss∗ + βvvj)}. Implicit differentiation gives ∂s∗

∂ei
> 0.

Expert workers may benefit more from developing plans with agents.

Prediction 3 (Conditional on delegation, expertise raises alignment). Under the baseline
assumptions and the interiority result, alignment rises with expertise: d

dei
log p

(
s∗(vj, ei), vj

)
<

0. This follows from d
dei

log p
(
s∗, vj

)
= −βs

∂s∗
∂ei

and the previous prediction. Expert workers
may have higher agent accept rates.

Prediction 4 (A delegation tool can increase the return to expertise even if a support tool

does not). Define the return to expertise in mode m ∈ {C, A} as − ∂Cm

∂ei
. Delegation has a

strictly larger return than copilot use if and only if expertise matters more for the supervisory
parts of production versus the implementation parts (full condition in Section A.1). If
expert workers are already strong at implementation, or if generic suggestions are less useful
for them, the gains from copilot use do not necessarily increase in expertise. Meanwhile,
delegation can raise returns to expertise through the specification and verification channels.

Similar logic applies to firm-level outcomes. If output decreases in expected comple-

tion cost, then the firm-level output gain from agents can be larger in firms with more

high-v work outputs and more high-e workers.

2. Context and Data

I describe software development and AI-assisted programming, and document the data

sources used in this paper.
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2.1. Software Development and AI-Assisted Programming

Software development process Software development follows a lifecycle similar to

product development in other contexts. An organization identifies problems, proposes

solutions, and designs specifications for new software. Software developers write code

to implement these designs, and test and verify the output of these code changes. Once

software is finalized, it is deployed and maintained by each organization. Modern

development proceeds iteratively, with teams revisiting earlier stages of the lifecycle

throughout.

To implement software, developers often use code editors. Code editors are programs

that integrate text editing with other features. Feature-rich code editors can support

debugging, error detection, and version control integration. In addition to code edi-

tors, developers also produce software using command-line tools, visual programming

environments, and other code generators.

Organizations track code changes using version control, and apply both manual and

programmatic review before deploying proposed changes. Version control systems record

modifications to a codebase over time. Once a developer has finished a work item,

they typically submit their code for review by other developers and automated verifiers.

Reviewed code changes are then merged into the main codebase.

Once code changes are reviewed and merged, organizations deploy the overall

codebase to production. With the growth of continuous integration and continuous

deployment pipelines, code changes are being deployed to production at increasing

frequency. If a deployment results in a failure—for example, through degraded service

or an outage, it is typically rolled back or hotfixed by the organization.

Software development productivity is typically measured using metrics related to

speed, quality, system health, collaboration, and satisfaction. Forsgren et al. (2019)

discuss metrics related to development speed (deployment frequency, lead time for

changes), and development health (change failure rate, time to restore services). Fors-

gren et al. (2021) discuss holistic benchmarks that measure satisfaction, performance,

activity, communication, and efficiency.

AI and software development Software development has been a frequent domain for

AI applications. Code includes repetitive patterns (Hindle et al., 2016) that language

models can recognize and apply. Many software outputs can be verified with tests,

and such verification is useful for training language models for software development

(Chen et al., 2021; Le et al., 2022; Chen et al., 2022). Modern software development
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Figure 1: Agents shift AI from a support tool to a delegation tool.

Notes – This figure compares production with AI autocompletion to production with AI agents.
Autocompletion provides support as workers execute tasks. Agents allow workers to delegate
self-contained tasks to machines. Workers provide instructions in natural language, which
permits a diverse potential task set.

also makes extensive use of code review and continuous integration (e.g. Martin, 2012;

Sadowski et al., 2018; Fowler, 2024)—these validation practices may control the quality

of AI-assisted code that ultimately gets deployed. In addition, people who produce AI-

assisted programming platforms may regularly use such platforms as they work, which

can speed up the production feedback loop.

Autocompletion and generation Two common modalities of AI-assisted program-

ming are autocompletion and generation. Autocompletion is triggered by code editing

keystrokes, while generation is triggered by natural-language messages.

Autocompletion suggests new code as users type into a code editor. Early autocom-

pletion tools performed completion of matching code phrases—for example, a user

could press tab to finish typing a variable name previously defined in the codebase.

Subsequent tools performed language model-based autocompletion, which can generate

code sequences that may differ from existing patterns in the codebase.

Generation produces code from natural-language conversations with users. Early

generation tools, like program synthesizers, transformed high-level specifications into

simple programs. Subsequent tools performed richer generations that built on language

model outputs. With a natural language interface, a user does not need to type in specific

initial code sequences for a generation tool to produce code.

11



Figure 2: Summary of data sources and sample coverage.

Notes – This figure describes the main data sources used in the paper. The activity sample
consists of activity indicators across 1,000 firms. The metrics snapshot filters to weeks with
available data on AI usage, and the intent snapshot further filters to user-weeks which used a
feature that generated labels of message intent. The output sample consists of output metrics
across 32 firms which joined in the weeks surrounding the sample and used a feature that
generated labels of firm-level output.

Agentic generation Recently, generation tools have implemented agentic capabili-

ties. An agent takes a natural language instruction from a user and generates code by

combining a language model with tools that can read files, run tests, access APIs, and

conduct other tasks. Agents can break up user instructions into subtasks, and interact

with external tools to generate code changes.

In addition to producing code edits, agents produce chat that is tied to a specific

codebase. While standalone language models can produce chat using general knowledge,

agents integrate language models with additional context. Workers can use agents’

codebase integrations to ask targeted questions. The back-and-forth interaction pattern

with agents also gives workers the opportunity to generate and review agent-written

plans.

2.2. Data

This paper uses data on user characteristics, usage patterns, and software output across

professional users of the coding platform Cursor. Cursor is used by two-thirds of the For-

tune 500 (Garfinkle, 2026), which suggests the patterns in these data may be informative

of patterns across sophisticated firms. Figure 2 describes the major data sources.

User characteristics and agent adoption I analyze aggregated usage metrics and

professional characteristics from a random sample of 1,000 firms. The sample is uni-
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formly drawn from a subset of firms with 50 or more users, with a recorded sector, and

which had started using Cursor before July 15, 2025. The sample consists of 119,960

users affiliated with these firms who joined the platform before September 1, 2025 and

were matched to role, seniority, and years of work experience. Sector is an internal

Cursor designation at the firm level. Professional characteristics were obtained by using

a language model classifier to label de-identified work history summaries. Section A.2

contains details on the labeling procedure. I measure adoption using the share of weekly

users who used agents, autocompletion, or both tools ranging from the week of April 29,

2024 to the week of January 19, 2026.

Usage frequency, accept rates, and conversation intent I analyze data on weekly

total agent requests, agent accept rates, autocomplete accept rates, and agent message

intent using a snapshot of telemetry metrics collected from the week of November

17, 2025 through the week of January 19, 2026. The agent accept rate is the share

of messages with recorded edit actions for which a user accepted a code edit. The

autocomplete accept rate is the share of suggested tab autocompletions that a user

accepted. Accept rates are collected in relative terms, scaled by the sample mean. Agent

message intent is collected from a Cursor service used by a subset of firms. The service

classifies the intent of a user message into “Write Code,” “Ask,” “Plan,” “Task Automation,”

and a small share of other categories. This classifier runs transiently when the agent is in

use, and does not store message content. Message intent data is available for 399 firms

between the weeks of December 22, 2025 and January 19, 2026. Table A3 shows that

usage frequency is 11% higher in the subsample matched to intent classification in the

overlapping window, and the Appendix reports robustness exercises that filter the accept

rate sample to the message intent subsample. For some analyses, I also use task category

classifications generated by the same feature used to infer message intent.

Output, quality, and scope proxies To measure aggregate effects of agents on output,

I use a panel of firm-level merge metadata from October 2024 to May 2025. The

metadata contains merge week, number of lines edited, number of files touched, and

categorizations into reverts and bugfixes across 32 firms with available aggregate merge

metadata. I compare outcomes between an “eligible” group of firms that started using

Cursor before the analysis period began, and a “baseline” group of firms that did not start

using Cursor until after the analysis period ended. Since the eligible group was already

using the platform when the analysis period began, its production technology would have
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been affected by the agent beta release and agent full release updates. Meanwhile, the

baseline group’s production technology would not have been affected by these updates

during the analysis period. There are 24 eligible firms and 8 baseline firms, with 323,589

merges covered over the 34-week sample period. For both groups, this metadata is

historical and comprehensive—it is not restricted to merges made using Cursor, and is

backfilled across the sample period. To measure developer-level associations between

agent usage and output, I analyze merge and deployment metadata from a firm referred

to as Company 1. This metadata is used for cross-sectional analyses that relate agent

usage styles to outcome metrics across developers.

3. The Shift to Agentic Production

Agents have become a central component of software production. The Cursor platform

released the initial, beta version of its coding agent in November 2024, with a full

release in February 2025. By April 2025, more active users used agents than used AI

autocompletion. At the end of the sample period in January 2026, 92% of active users

used agents.

Agents change how workers produce output. Workers message agents using natural

language, which involves a series of semantic tasks. One type of task is specification—in

an average week, 59% of worker messages are instructions to write code. A second

type of task is evaluation—agentic code edits produce output for workers to verify. A

third type of task is information gathering—33% of messages are questions, including

questions about code and errors. A fourth type of task is alignment—since agents and

workers may differ in their implementation strategies, workers may benefit from aligning

the agent’s output to their intent. 4% of initial messages to agents are instructions to

develop plans, which may improve alignment when workers review agent trajectories

before producing output (Mozannar et al., 2025).

3.1. Growth of Agent Usage

In the months following the agent feature’s release, agents became the most common

AI tool used on the platform. Figure 3 plots the weekly share of active users who used

the agent and autocompletion features. The beta release of the agent was on November

24, 2024, and the full release was on February 19, 2025. After the full release, agents

became the default code-generating tool for users who updated their software clients. At

the end of the period between beta and full release, 21.8% of active users used the agent
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Figure 3: Agents have become a widely-adopted AI code generation tool.

Notes – This figure plots the share of weekly active users who used the autocomplete feature or
the agent feature. The agent feature was initially released in the November 24, 2024 update, and
was made the default generation mode after its full release in the February 19, 2025 update. The
agent would become the default setting when users updated their software clients.

tool. In April 2025, agents surpassed autocompletion as the most used AI tool among

active users. At the end of the sample period during the week of January 19, 2026,

91.7% of active users used agents while 57.2% of active users used AI autocompletion.

What drove the shift to agentic production? Figure A4 plots the weekly adoption

share across user creation cohorts. Endline agent usage was 92.4% for users who joined

after the agent’s full release, 90.5% for users who joined between beta and full release,

and 86.1% for users who joined before the beta release. Endline AI autocompletion

usage was 54.0% for users who joined after the agent’s full release, 68.4% for users who

joined between beta and full release, and 74.1% for users who joined before the beta

release. Part of the decline in autocompletion usage reflects a composition effect—new

users were less likely to adopt the older autocompletion technology. However, Figure A4

shows that part of the decline is also secular—early users who joined the platform before

the agent feature’s beta release also became less likely to use autocompletion.

Since autocompletion keystrokes are triggered by manual code edits, as many as 43%

of users may not be coding manually in a typical work week. This figure represents an

upper bound, as a fraction of users may disable the autocompletion feature (though the

platform reports this is rare). In addition, some users may type code manually using

alternative editors. As most major IDEs have agentic integrations in 2026, it would
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Figure 4: Agent usage involves specification and evaluation.

Notes – This figure plots the average share of message intents across user-weeks. The first bar
plots averages across all messages. The second and third bars plot averages for first messages
and follow-up messages, respectively.

be unlikely for a large share of users to switch between IDEs for agent use and code

editing, but it is feasible that some workers use a non-agentic editor like vim. Given

these workers are likely to make up a small share of the platform’s users, it is reasonable

to assume that a meaningful share of users no longer types code manually. In any event,

more than 90% of users now use agents in a typical week.

3.2. Higher-Order Tasks with Agents

Part of production involves lower-level, syntactic tasks—work that transforms specified

intent into output. Part of production involves higher-order, semantic tasks—work that

specifies intent and evaluates output. Agents may shift work effort from syntactic tasks

to semantic tasks.4

Workers use agents both to implement and to gather information. After agents

generate code, workers review the proposed changes and can choose to accept or reject.

Some messages instruct agents to generate plans, which workers can review before

proceeding with implementation.

Figure 4 plots the average share of message intents across user-weeks in the agent

intent sample. On average across user-weeks, 59.4% of messages have a “Write Code”

4The distinctions relate to process tasks, not output tasks. Output tasks are the artifacts that a worker
produces. Hoffmann et al. (2024) and Chen and Stratton (2026) study how AI assistance may affect
output tasks in software engineering. Process tasks are the procedures that workers use to produce output.
Agents can change the distribution of a worker’s process tasks even if the distribution of output tasks does
not change.
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intent, 33.2% have an “Ask” intent, 3.5% have a “Plan” intent, 3.1% have a “Task

Automation” intent, and 0.8% have an “Other” intent.

Higher-order tasks associated with agent use include:

• Specification. Both “Write Code” and “Task Automation” messages require workers

to specify their output goals to agents.

• Evaluation. After an agent generates code, users have the option to accept or reject

the proposed changes. Work outputs like design mockups are more implementation-

bound than verification-bound, and may benefit more from agents.

• Information gathering. Workers use agents to ask questions, including to explain

code and to explain errors. While standalone language models can answer general

knowledge questions, agents can answer questions tied to a specific codebase.

• Alignment. Complex outputs may require multiple implementation decisions. Given

the same production idea, workers and agents may not make the same decisions.

Planning messages let workers review agents’ proposed changes before implemen-

tation, which may improve alignment between worker and agent.

First messages are less likely to have execution-oriented intents. For first messages

across user-weeks, 53.7% have a “Write Code” intent, 38.8% have an “Ask” intent, 4.2%

have a “Plan” intent, 2.3% have a “Task Automation” intent, and 1.0% have an “Other”

intent. Workers are 17% more likely to have “Ask” intents and 20% more likely to have

“Plan” intents in their first messages than in all messages.

4. Agents Benefit Verifiable Work and Expert Workers

Agent usage patterns across roles and work experiences suggest that agents benefit

verifiable work and expert workers. The majority of agent users work in engineering

roles. However, there is a mass of frequent usage in non-engineering roles—many of

these workers only use agents, and do not use AI autocompletion. These workers may

conduct easier-to-verify work that may be suited for agents. Experienced workers appear

to be more skilled users of agents. They ask fewer questions, generate more plans, and

accept agent outputs at higher rates. The positive experience gradient for agent accepts

contrasts with a negative experience gradient for autocompletion accepts.
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Figure 5: Worker characteristics.

Notes – This figure plots the distribution of workers in the sample across sectors, roles,
seniorities, and years of work experience.

4.1. Worker Characteristics

I report summary statistics of worker characteristics. Figure 5 plots the distribution

of users across the full sample. Table A2 reports additional summary statistics across

subsamples studied in this paper.

Workers across sectors use agents. 40% of workers in the sample work in firms

that produce software and developer tools. A further 42% work in finance/fintech,

consumer/retail, and media/advertising (which includes gaming).

While the majority of workers hold software roles, the platform is also used in roles

with traditionally lower programming intensity. Software roles account for 74% of

workers in the sample, with data and machine learning roles accounting for a further
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9%. Additional roles include product management, design, and sales.

39% of workers hold Junior roles, 30% hold Senior roles, and 11% hold Staff/Prin-

cipal roles (“Staff” and “Principal” are more senior roles in software development). A

further 16% hold management roles, while 4% hold founder and executive roles. Most

users have 5–15 years of work experience.

For junior workers, the mean years of work experience is 8.5 and the standard

deviation is 5.7. The corresponding statistics are 12.1 (5.9) for senior workers, 16.1

(6.7) for staff/principal workers, 16.2 (6.5) for management workers, and 18.5 (7.9) for

executive/founder workers.

4.2. Verifiable Work

Workers in non-engineering roles and sectors are more likely to use agents than they

are to use AI autocompletion. They also use agents more often per week. Output tasks

in these use cases include dashboards, design mockups, and one-off projects with few

formal dependencies. These outputs may be easier to verify, which may increase the

returns to agent use.

Extensive margin: Many workers only use agents Figure 6 plots agent and autocom-

pletion usage shares across worker characteristic groups. Agent-only usage is high in

non-software sectors and roles. Workers in consumer, retail, and consulting firms are

more likely to use only agents than workers in other sectors. The majority of product

managers, designers, marketers, and operations specialists only use agents. AI auto-

completion is more common across workers in financial firms, which may value precise

implementation, as well as across data/ML workers.

Task distributions across roles Figure A5 plots the distribution of tasks across worker

characteristics. These labels are obtained from the same Cursor feature used for message

intent classification. Consistent with the view that non-engineering workers have easier-

to-verify outputs, designers and product managers are more likely to use agents for

UI or API integration tasks that have fewer formal dependencies across the codebase.

Meanwhile, engineering workers are more likely to use agents for architectural and

devops tasks, which suggest stronger dependencies across the codebase.

Intensive margin: Frequent usage by designers and other non-engineers Figure 7

plots weekly agent usage across worker characteristics. On the horizontal axis, each
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Figure 6: Extensive margin: Many workers only use agents.

Notes – This figure plots the share of user-weeks with only agent usage, only autocompletion
usage, or usage of both tools. Each subfigure splits the sample by sector, role, seniority, or
quintile of work experience. The data derives from the agent metrics sample collection window
from the week of November 17, 2025 through the week of January 19, 2026. The majority of
user-weeks involve agent use, and many workers only use agentic tools.

characteristic c is sorted by an “easier-to-verify task mix score” Ψc. This score is based on

the characteristic-level task category taxonomy from Figure A5. It is defined as

Ψc =
sUI & Styling

c + sAPI Integration
c

sUI & Styling
c + sAPI Integration

c + sArchitecture
c + sDevOps & Deployment

c

for each worker characteristic c. Here, sT
c corresponds to the share of conversations with

category T in characteristic c, averaged across user-weeks using task category data from

the intent sample. This worker characteristic-level measure contrasts UI & Styling and

API Integration tasks, which are consistent with easier-to-verify work, with Architecture

and DevOps & Deployment tasks, which are consistent with harder-to-verify work. This

classification is consistent with academic and practitioner descriptions of verifiability:

UI and styling work can often be evaluated through visual inspection and automated

visual testing, while API integration work is commonly governed by explicit service

contracts and contract tests (Applitools, 2024; Fowler, 2011). By contrast, architecture

and deployment changes more often concern system-level invariants and behavior under
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Figure 7: Intensive margin: Frequent agent usage in non-engineering roles.

Notes – This figure plots the average weekly agent requests across sectors, roles, seniorities, and
quintiles of work experience. The horizontal axis reflects each worker characteristic’s
easier-to-verify task mix score. The score is the ratio between the average share of tasks that are
related to UI/Styling or API Integration as opposed to Architecture or DevOps/Deployment. Point
sizes are proportional to the number of observations in each characteristic. The data derives
from the agent metrics sample collection window from the week of November 17, 2025 through
the week of January 19, 2026.

unusual operating conditions, for which testing may only cover a small subset of possible

behaviors and automated violation detection is less reliable (Adkins et al., 2020; Su et

al., 2026).

Designers are among the most frequent agent users. Design work involves tasks

like creating mockups and live artifacts. Design work may be easier to verify through

inspection than engineering work, which can involve more formal dependencies and

heavier testing. Figure A6 finds similar results for agent-only usage. Consistent with the

view that design work has fewer dependencies, Figure A7 shows designers also have the

highest shares of “Write Code” and “Task Automation” messages, with fewer “Ask” and

“Plan” messages.

Figure 7 also shows that workers at consulting firms are among the heaviest agent

users. If engineers at consulting firms work on scoped projects for each client, there may
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be fewer dependencies required for each set of outputs. If this work involves dashboards

or simple data analysis, outputs may also be easier to verify through inspection. Mean-

while, workers at finance firms are among the lightest agent users. If code outputs in

this sector have more dependencies and require more effort to verify, workers may not

be willing to delegate implementation of critical outputs to an agent.

4.3. The Experience Gradient

Experienced workers appear to be more skilled users of agents. Experienced workers

ask fewer questions, which may indicate they already have more production context.

They also plan more, which may improve alignment with agents. Experienced workers

accept agent outputs at higher rates. This positive experience gradient for agent accepts

contrasts with a negative experience gradient for autocompletion accepts.

Experienced workers plan more and ask less To evaluate the relationship between

work experience and first message planning and asking intents, I estimate the specifica-

tion

Intenti,t = αt + δc(i) + βExperiencei + εi,t (1)

across workers i and weeks t. αt is a week fixed effect and δc(i) encodes role and sector

fixed effects. Years of experience are standardized to zero mean and unit variance.

Table 8 reports the results of these regressions on the share of “Ask” and “Plan”

intents across first messages. Unconditionally, one standard deviation increase in work

experience is associated with a 0.45 percentage point higher plan rate and a 0.88

percentage point lower ask rate. Compared to base rates, these reflect 11% higher plan

rates and 2% lower ask rates. Results are similar after adjusting for week, role, and

sector fixed effects.

If experienced workers have more experience delegating tasks and more skill review-

ing others’ plans, they may be more likely to develop plans with agents before acting. If

experienced workers have accumulated more production context, they may find it less

useful to use agents to acquire information.

Table A9 and Table A10 report analogous results for first messages across all intent

types, and Table A11 and Table A12 report analogous results for all messages across all

intent types. Experienced workers are more likely to use agents for task automation,

both across first messages and all messages. Without conditioning on first messages,
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Table 8: Experienced workers are more likely to build plans, less likely to ask questions.

First-Message Intent

Plan Rate [%] Ask Rate [%]

Work Experience (σ) 0.45∗∗∗ 0.42∗∗∗ -0.88∗∗∗ -0.85∗∗∗

(0.05) (0.05) (0.13) (0.13)
Constant 4.21∗∗∗ 38.77∗∗∗

(0.04) (0.12)

R2 0.001 0.003 0.001 0.005
Within R2 - 0.001 - 0.001
Observations 118,407 118,407 118,407 118,407

Week FE ✓ ✓
Role FE ✓ ✓
Sector FE ✓ ✓

Notes – This table reports results of regressions of “Plan” and “Ask” message intent on work
experience. The second column in each set adds week, role, and sector fixed effects. The data
derives from the intent snapshot window from the week of December 22, 2025 through the week
of January 19, 2026. One standard deviation in work experience corresponds to approximately 7
years of experience. Standard errors clustered by user are reported in parentheses.

experienced workers are even more likely to use agents to write code and even less likely

to use agents to ask questions.

Experience gradient in accept rates Figure 9 plots the mean autocomplete and agent

accept rates across deciles of work experience. Experienced workers are less likely to

accept suggestions from AI autocompletion tools. This evidence is consistent with prior

work that finds a junior skew in AI tool usage.

What is different about agents? While traditional AI applications offer suggestions

and guidance, agents let workers delegate self-contained tasks. Experienced workers

may benefit less from suggestions than junior workers. Furthermore, if experienced

workers have stronger preferences than junior workers, they may be less willing to

accept generic autocompletion suggestions. However, agents allow experienced workers

to specify specific tasks for implementation, which may increase experienced workers’

willingness to use agentic tools. Higher skill specifying intent may then further increase

the alignment between message and output, and increase accept rates for experienced

workers.
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Figure 9: Agents reverse the experience gradient in accept rates.

Notes – This figure plots autocomplete and agent accept rates across deciles of work experience.
Both accept rates are scaled by their respective in-sample means. The data derives from the
agent metrics sample collection window from the week of November 17, 2025 through the week
of January 19, 2026.

The positive experience gradient in agent accept rates persists after adjusting for

additional controls that may be related to worker task distributions. I estimate the

specification

Accept Ratei,t = αt + δc(i) + βExperiencei + εi,t (2)

across workers i and weeks t.
Table 10 reports the results of these regressions. After adjusting for role and sector,

one standard deviation higher experience corresponds to 2.1% higher accept rates

relative to the mean. After further adjusting for job title seniority, which may over-

control given its relationship with experience, one standard deviation higher experience

corresponds to 1.8% higher accept rates relative to the mean. Table A15 reports the

results of a regression restricting to the message intent sample, and finds similar results.

Interpreting accept rates and sample composition The decision to accept an agent

generation depends on the alignment between agent output and user intent, the types of

tasks a user conducts with agents, and a user’s threshold for accepting generated code.

Alignment may vary with a user’s skill providing instructions to agents, including through

clarity of description and effective mental models of agent capabilities. Task distributions

24



Table 10: Experienced workers have higher agent accept rates.

Relative Accept Rate × 100

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

Work Experience (σ) 2.10∗∗∗ 2.10∗∗∗ 2.11∗∗∗ 2.13∗∗∗ 1.78∗∗∗

(0.05) (0.05) (0.05) (0.05) (0.06)
Constant 100.00∗∗∗

(0.05)

R2 0.007 0.009 0.009 0.009 0.010
Within R2 - 0.007 0.007 0.007 0.004
Observations 436,871 436,871 436,871 436,871 436,871

Week FE ✓ ✓ ✓ ✓
Role FE ✓ ✓ ✓
Sector FE ✓ ✓
Seniority FE ✓

Notes – This table reports results of regressions of relative agent accept rates on work experience.
The columns progressively add week, role, sector, and seniority fixed effects. One standard
deviation in work experience corresponds to approximately 7 years of experience. Standard
errors clustered by user are reported in parentheses.

may also vary—an alternative explanation for these results is that experienced workers

perform tasks that are more suited for agents. Unconditional accept thresholds may

vary with the value of aligned output to each individual. For example, less experienced

workers may be newer team members who are more conservative acceptors of agent-

generated output.

Further evidence is consistent with a skill-based explanation for the gap. A task

distribution-based explanation would imply that experienced workers perform tasks

better suited for agents. However, Table 10 finds that the experience gap in accept

rates persists after adjusting for role, sector, and seniority—the task distribution-based

explanation would require selection on unobservables not explained by these character-

istics. In addition, Figure 7 shows that the verifiable task mix score does not vary across

years of work experience. A threshold-based explanation would imply that experienced

workers have incentives or usage styles that drive up accept rates. If experienced workers

conduct higher-value work with higher costs of failure, it would be unlikely for such

a relationship to generate higher agent accept rates. If experienced workers were less

vigilant agent users, they might be less likely to make plans in their initial messages,
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which would run counter to the results in Table 8. If experienced workers were less

risk-averse, they might have higher agent accept rates than less experienced workers,

but would be unlikely to have lower autocompletion accept rates as reported in Figure 9

unless risk perceptions differ between tools. It seems likely that experienced workers

have more skill specifying delegated tasks and evaluating generated outputs.

These agent usage and accept statistics are conditional on a worker’s choice to adopt

the platform and submit messages to agents. Usage patterns may change as adoption

patterns change. For example, while designers have the most frequent agent usage,

designers who currently use AI-assisted programming tools may be more active in

software development than most designers at software organizations. Nonetheless, these

statistics correspond to usage patterns within the sample of adopting users. To measure

firm-level effects, I turn to an analysis of firm-level outcomes.

5. Agents Increase Output

The release of the agent feature was associated with increases in software output.

Section 5.1 reports firm-level difference-in-differences estimates across historical merge

metadata from 32 firms. Using variation from a natural experiment induced by the agent

feature’s release timeline, I estimate effects of the agent release on merges, lines edited,

revert rates, and bugfix rates.

Output increases were larger for firms with more non-engineers and firms with more

experienced workers. Section 5.2 reports difference-in-differences estimates that split the

eligible group by the pre-beta-release medians of software engineer share and average

years of experience.

In addition, frequent agent users produce more output—they merge more code, edit

more lines, and edit more files per merge. Section 5.3 reports person-level correlational

evidence on agent usage and software development outcomes from one firm.

5.1. Aggregate Effects on Output

I use variation from the agent feature’s release timeline to estimate effects of agents on

output. Figure 3 shows that the beta release and full release of agents both induced more

workers to use agents. I use a difference-in-differences strategy that estimates effects

relative to these releases.
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Measurement Using the weekly panel of merge metadata described in Section 2.2, I

analyze output and quality metrics in the weeks surrounding the release of the agent

feature. The data corresponds to historical and comprehensive outcomes observed at the

firm level.

As the main measure of output, I use the rate of weekly merges to the main codebase.

Merges are units of work—a developer submits a merge request to address a specific

goal. While merges can be interpreted as economic units of work, their impact is not

uniform—some code merges may address more valuable business goals than others.

However, since merges are units of code output used by all organizations, they allow for

aggregate analysis of code output.

As an additional measure of output, I include weekly lines edited. Lines edited per

merge are winsorized at the 1% level at the right tail, and then summed across merges

each week. Edited line count is a syntactic metric, and varies with programming language

verbosity. It may also increase if agents produce more code comments or more verbose

code for similar logic. Like merges, lines edited are units common to all organizations.

As the main proxy for quality, I use the weekly share of merges that are labeled as

reverts. The revert rate is a proxy for the frequency of breaking code changes across

a codebase. An advantage of this metric is that it indicates a likely severe issue—for

example, an organization may revert a merge if it creates degraded service in deployment.

However, the revert rate may oversample high-visibility, short-horizon issues.

As an additional proxy for quality, I use the weekly share of merges that are labeled

as bugfixes. The bugfix rate is a proxy for the share of work spent fixing software issues

across a codebase. An advantage of this metric is that it corresponds to issues in a

codebase that might not be caught immediately after an initial merge. Agent use may

affect the bug fixing behavior of organizations in other ways—for example by shifting

the focus of engineers from low-priority bugfix work to new feature work.

Both these measures are short-term proxies for quality. If agent-produced code

creates technical debt, it may take longer to measure negative effects on quality. If

agent-produced code is more standardized and easier to maintain, it may take longer

to measure positive effects on quality. Furthermore, these proxies do not measure

other quality-relevant patterns, including duplicated logic across the codebase and code

complexity.
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Figure 11: Estimated effects of the agent feature on weekly merges.

Notes – This figure plots dynamic difference-in-differences estimates of effects on merges among
firms eligible for the agent feature. The estimates follow the specification in Equation (3).
Vertical lines denote the weeks of the initial beta release date and full release date of the agent
feature. Standard errors are clustered by firm.

Estimated effects of the agent feature To quantify effects of the agent feature release,

I estimate dynamic difference-in-differences regressions following the specification

Yi,t = αi + αt + ∑
k ̸=−1

βk × Di,t,k + εi,t (3)

across firms i and calendar weeks t. Di,t,k = 1 if firm i is in the eligible group and

week t is k weeks relative to the initial, beta release week. αi and αt are firm and

week fixed effects. This difference-in-differences design can adjust for time trends that

unconditionally affect software-producing organizations—for example, lower output on

holidays.

Figure 11 reports results from these regressions across the main outcome variable for

output. In the Appendix, Table A19 reports pre-period balance statistics, and Figure A20

plots weekly mean values across periods and groups.

To quantify average effects, I compare changes in outcomes between the eligible and
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baseline firms. I use the difference-in-differences specification

Yi,t = αi + αt + β × Eligiblei × Postt + εi,t (4)

In one set of specifications, I compare outcomes on and after the beta release week

to outcomes before the beta release week. In another set of specifications, I compare

outcomes on and after the full release week to outcomes before the beta release week,

filtering out the intermediate period.

Table 12 reports the results of regressions following Equation (4) across the four

outcomes. Over the period after the beta release, Table 12a indicates that merges in

the eligible group were 26% higher and lines edited were 29% higher relative to the

pre-beta release period.5 Over the period after the full release, Table 12b indicates that

merges in the eligible group were 39% higher and lines edited were 49% higher relative

to the pre-beta release period. Table 12 also shows no significant changes in revert rates

and decreases in bugfix rates. Table A22 reports the results of additional inference using

the wild cluster bootstrap-t, and Figure A23 reports the results of a placebo exercise that

shuffles group assignment. Table A25 reports results from additional regressions with

logs of output metrics as dependent variables.

Merges and productivity: Scope The results from Figure 11 and Table 12 indicate that

merge output increased after the agent was released and made the default generation

mode. Can these changes in merge output be interpreted as increases in productivity?

An alternative explanation of these results is that agents cause developers to produce

smaller-scoped changes in each merge. Such an explanation would also be consistent

with a higher merge rate. However, if this alternative explanation caused an increase

in merges, there would be additional implications for merge characteristics that do not

appear consistent with the data.

Table A28a reports estimates of the effects of the agent release on proxies for merge

scope: Lines edited per merge and files touched per merge. The analysis finds no

significant changes in these scope proxies over the sample period. Confidence intervals

rule out changes large enough to offset the increase in merges. Given these results, the

alternate explanation would require further assumptions on the effects of agent use:

Agent use would need to have produced verbose code edits that increased lines edited

without increasing scope—such edits could keep lines edited per merge consistent while

5In the eligible group, the pre-beta release sample mean for merges is 271.7 and for thousands of lines
edited is 50.5.
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Table 12: Agents increase output.

(a) Post beta versus pre beta.

Merges Lines Edited (K) Revert Rate (%) Bugfix Rate (%)
(1) (2) (3) (4)

Eligible × Post Beta Release 70.09∗∗∗ 14.80∗∗∗ -0.07 -1.41∗∗

(18.60) (4.91) (0.14) (0.58)

R2 0.87 0.83 0.27 0.53
Within R2 0.02 0.01 0.00 0.00
Observations 1,088 1,088 1,088 1,088

Firm FE ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓

Pre-Beta Mean 271.7 50.5 1.07 10.4
Percent Change 25.8% 29.3% -6.9% -13.6%

(b) Post full release versus pre beta.

Merges Lines Edited (K) Revert Rate (%) Bugfix Rate (%)
(1) (2) (3) (4)

Eligible × Post Full Release 104.69∗∗∗ 24.61∗∗∗ -0.08 -2.40∗∗∗

(25.54) (7.48) (0.17) (0.70)

R2 0.90 0.87 0.37 0.66
Within R2 0.05 0.05 0.00 0.02
Observations 672 672 672 672

Firm FE ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓

Pre-Beta Mean 271.7 50.5 1.07 10.4
Percent Change 38.5% 48.7% -7.6% -23.1%

Notes – These tables report difference-in-differences estimates for outcomes related to output
(merges and thousands of lines edited) and quality (revert rate and bugfix rate) among firms
eligible for the agent feature. The estimates follow the specification in Equation (4). The top
panel compares outcomes from the pre- and post-beta release periods. The bottom panel
compares outcomes from the post-full release and pre-beta release periods. Standard errors
clustered by firm are reported in parentheses.

decreasing the scope of each edited line. Even if this further assumption holds, the

alternative story would also have to account for no significant decreases in files touched
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from agent use. Such an assumption would require not only higher agent verbosity over

edited lines, but also more frequent agent edits over extraneous files. Developers would

have then chosen to merge these extraneous files. According to the evidence on these

proxies, merge scope does not appear to have decreased with agent use.

Merges and productivity: Value What kinds of work does agent use affect? Table A28b

considers changes in merge output across small and large merges, defined as those below

and above the median of lines edited or files touched, with respect to eligible firms during

the pre-release period. I estimate effects on these merge types both in the period between

release and default and in the period after default. I find similar effects across merge

sizes, which suggests that agent use increases output across merge scopes. If merge scope

relates to merge value, these results suggest that the marginal value of merges from

agent use is no lower than the value of merges in the pre-release period. However, more

comprehensive estimates of value may require longer horizons and organization-specific

outcome measures.

Internal and external validity These estimates reflect changes in outcomes for organi-

zations in the sample. How generalizable are these results?

One set of questions relates to internal validity. A challenge to identification would

be that a contemporaneous change in some other driver of code merges—which differ-

entially affected the eligible group relative to the baseline group—coincided with the

agent’s beta release and full release dates. There were no other Cursor client updates

in the months of these two dates, which makes it unlikely that another platform event

would affect the eligible group around those dates. The platform also did not announce

these dates in advance, which makes it unlikely that firms adjusted merge behavior in

anticipation of agent releases. Each firm in the eligible group had already been using the

platform for at least six weeks before the agent was announced and released, and the

platform did not differentially target feature rollouts according to firm characteristics.

Given these institutional details, it is reasonable to assume that the agent’s beta and full

releases generated exogenous variation in the eligible group’s production technology.

Similarly, a potential interpretation concern is that the baseline group is defined using

firms that had not yet adopted Cursor during the analysis period, and therefore may

differ from eligible firms. This concern would threaten identification if those differences

implied differential trends in code output around the agent release dates. Notably, the

relevant assumption is not random assignment of firms into the baseline group, but
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instead parallel trends in the absence of the agent release. Several pieces of evidence

support this assumption. First, eligible and baseline firms have similar pre-release levels

of weekly merges, lines edited, bugfix rates, and merge scope proxies. Second, the raw

outcome series in the Appendix display similar pre-release movements and common

seasonality. Third, the increase in eligible firm output is concentrated after the agent

beta and full releases, and which suggests it does not reflect differential growth patterns.

Fourth, the agent release dates were not announced in advance and there were no other

major Cursor client updates in those months, making it unlikely that firms timed output

changes around the release. These facts suggest that the estimates are unlikely to be

driven by selection of the baseline group.

Another set of questions relates to external validity. If the early adopters of Cursor

who make up the eligible group are experimental organizations that are receptive to

new technologies, the estimated effects on this group may be higher than analogous

effects of agents on other groups. Such an “experimental organization” characterization

is consistent with the eligible group’s higher pre-period revert rates according to the

balance statistics in Table A19. However a heterogeneity analysis in Table A29 indicates

that eligible firms with higher pre-period revert rates had no larger increases in merges

after the agent was released and made default. Moreover, Table A19 indicates that the

firms in the eligible and baseline groups are similar on observables other than the revert

rate, including merge frequencies and bugfix rates. The similarity along these balance

statistics suggests that other potential confounders, like codebase maintainability, would

not contribute to differences across the comparison groups in this sample. Across other

dimensions, Table A18 compares characteristics of the eligible and baseline groups to

the rest of the sample. Prior to the beta release, the eligible group had comparable

numbers of users to the other samples. Eventually, the number of users in the eligible

group increased, and the engineer share fell, which suggests that more workers, and

disproportionately non-engineering workers, adopted agents.

5.2. Heterogeneous Increases in Output

If agents benefit verifiable work and expert workers, output effects may differ across firm

types. To test these predictions, I extend the difference-in-differences specification by

splitting the eligible firms across medians of software engineer share and average work

experience of users matched to the firms.

Table 13 reports the results of these regressions. For firms with lower software

engineer shares, the increase in weekly merges was 50% after the full release; for firms
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Table 13: Larger effects for firms with more non-engineers and experienced workers.

(a) Post beta versus pre beta.

Software Engineer Share Average Work Experience

Low High Low High

Eligible × Post Beta Release 84.51∗∗∗ 55.68∗∗ 37.01∗∗ 103.18∗∗∗

(23.90) (25.07) (15.20) (28.36)

R2 0.86 0.88 0.88 0.87
Within R2 0.04 0.01 0.01 0.04
Observations 680 680 680 680

Firm FE ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓

Pre-Beta Mean 232.7 310.8 251.3 292.1
Percent Change 36.3% 17.9% 14.7% 35.3%

(b) Post full release versus pre beta.

Software Engineer Share Average Work Experience

Low High Low High

Eligible × Post Full Release 116.73∗∗∗ 92.65∗∗ 58.11∗∗ 151.28∗∗∗

(32.14) (38.56) (21.08) (41.25)

R2 0.89 0.91 0.91 0.91
Within R2 0.12 0.05 0.03 0.14
Observations 420 420 420 420

Firm FE ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓

Pre-Beta Mean 232.7 310.8 251.3 292.1
Percent Change 50.2% 29.8% 23.1% 51.8%

Notes – These tables report difference-in-differences estimates for weekly merges among firms
eligible for the agent feature. Each pair of regression results splits the eligible group across the
median of software engineering share and the median of average work experience. The
estimates follow the specification in Equation (4). The top panel compares outcomes from the
post-beta release and pre-beta release periods. The bottom panel compares outcomes from the
post-full release and pre-beta release periods. Standard errors clustered by firm are reported in
parentheses.
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Table 14: Correlates of frequent agent usage.

(a) Output and review velocity.

Total Merges Total Lines (K) Lines (K) / Merge Review Time (h)
(1) (2) (3) (4)

Agent Usage (σ) 5.13∗∗∗ 2.94∗∗∗ 0.04∗∗ 1.75
(0.96) (0.44) (0.02) (1.52)

Constant 30.87∗∗∗ 9.79∗∗∗ 0.39∗∗∗ 43.96∗∗∗

(0.90) (0.44) (0.02) (1.66)

R2 0.04 0.05 0.01 0.00
Observations 783 783 783 783

(b) Quality and scope.

Rollback Rate (%) Files / Merge Filetypes / Merge Areas / Merge
(5) (6) (7) (8)

Agent Usage (σ) -0.06 0.61∗∗∗ 0.08∗∗∗ 0.01
(0.21) (0.20) (0.02) (0.02)

Constant 3.61∗∗∗ 6.26∗∗∗ 1.68∗∗∗ 1.19∗∗∗

(0.26) (0.19) (0.02) (0.02)

R2 0.00 0.01 0.02 0.00
Observations 783 783 783 783

Notes – These tables report the results of cross-sectional regressions of outcomes on agent usage
frequency at Company 1. The estimates follow the specification in Equation (5). One standard
deviation in usage corresponds to 459 messages over the two-month period. The top panel
reports results on outcomes corresponding to throughput and velocity. Columns (1) and (2)
correspond to total outcomes per person, and Columns (3) and (4) correspond to merge-level
means per person. The bottom panel reports results on outcomes corresponding to quality and
scope. Column (5) corresponds to a rate per person, and columns (6) to (8) correspond to
merge-level means per person. Robust standard errors are reported in parentheses.

with higher software engineer shares, the increase was 30%. For firms with lower average

work experience, the increase in weekly merges was 23% after the full release; for firms

with higher average work experience, the increase was 52%. Table A24 includes a triple

difference specification that interacts the main specification with firm characteristics;

it finds that firms with more non-engineers and more experienced workers had larger

increases in output.
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5.3. Person-Level Evidence on Output

While the main output data is aggregated at the firm level, I use disaggregated data from

Company 1 to measure person-level correlates of agent usage. The data covers merges

and deployment outcomes from May and June 2025. Merges and lines edited have the

same definitions as in Section 5.1. I also use review time, defined as the hours between

a merge request’s creation and the final codebase merge. Rollback rate corresponds to

the share of merges by a user that the firm attributed to any rollback in deployment. As

proxies for scope, I analyze unique files, unique filetypes, and unique codebase areas

edited per merge.

To estimate cross-sectional relationships between agent usage frequency and out-

comes, I use the specification

Yi = α + βUsagei + εi (5)

Table 14 reports the results of these regressions.

Higher agent usage is associated with higher output. One standard deviation higher

agent use is associated with 5.13 more merges and 2,940 more lines edited over the

two-month period. Moreover, one standard deviation higher agent use is associated with

0.61 more files touched per merge and 0.08 more filetypes touched per merge, which

could indicate larger-scoped code changes.

These results reflect cross-sectional evidence and, unlike the results from Section 5.1,

are not a product of a natural experiment. Therefore, while the cross-sectional results

could reflect consequences of agent use, they could also reflect characteristics of output

from workers who are more disposed to use agents. For example, more productive

workers may be more willing to use new technologies like agents and may work on

larger-scoped code changes. The interpretation is that these results provide observational,

worker-level evidence that is consistent with the design-based, aggregate evidence.

Discussion

Agents change AI from a support tool to a delegation tool. As the cost of implementation

falls, production becomes bound by specification and verification. This shift to higher-

order production can benefit verifiable work and expert workers. This paper studies

agents in software production and finds evidence consistent with these implications.

Using data from Cursor, I find that agents have become the most common AI instrument
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used for software development. Designers and workers at consulting firms are among

the most frequent users of agents. Experienced workers ask fewer questions to agents,

pursue more alignment by planning with agents, and accept agent output at higher rates.

Agents increase firm-level output, especially for firms with more non-engineers and more

experienced workers.

How might these results extend to other domains? One view is that software produc-

tion is unique. Software production contains syntactic regularities that AI agents can

match, short-run verifiable outputs that can be useful for post-training, and organization-

level integration practices that may build safeguards for agent-generated output. Another

view is that software production is early. Workers in software firms may be more willing

to try new technologies before they diffuse across the economy. The feedback loop

from coding agent developers who consume their own products may have increased

the initial speed of development in this domain. While it is true that code outputs are

abundant in pre-training data and cheap to produce for post-training data, increased

investment in data collection may improve coverage across other domains. Part of the

current training paradigm requires reward models that can evaluate how well an agent

transforms user intent into output. When there are syntactic regularities—mathematical

formalism, accounting standards, contractual patterns, analysis templates—there is room

to train agents that allow workers to outsource execution. It is possible that agents may

have similar effects in mathematics, accounting, law, and other domains with syntactic

regularities.

Agents add a layer of abstraction to production. This move toward abstract pro-

duction is an ongoing phenomenon. In software development, production has become

more abstract as the programming environment has evolved from bit manipulation to

assembly code to high-level programming languages. Across other sectors, production

has become more abstract as workers use software to architect physical structures, digital

workstations to produce music, and algorithms to trade. The evidence in this paper

suggests rising returns to worker skills as knowledge work becomes more abstract.
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A. Appendix

Section A.1 includes derivations for the organizing framework. Section A.2 includes

details on labeling work history and message intent. Section A.3 includes additional

analysis related to agent usage. Section A.4 includes additional analysis related to merge

output.

A.1. Additional Derivations

Define the delegation objective

L(s; vj, ei) =
s2

2(1 + λei)
+

τ̄(1 − vj)

1 + µei
+ exp{−(βss + βvvj)}R,

so that CA(vj, ei) = mins≥0 L(s; vj, ei).

Existence and interior solution For fixed (vj, ei), L is strictly convex in s and coercive,

so there is a unique minimizer s∗. The derivative with respect to s is

∂L
∂s

=
s

1 + λei
− βs exp{−(βss + βvvj)}R.

Because βs > 0 and R > 0,

∂L
∂s

∣∣∣∣
s=0

= −βs exp{−βvvj}R < 0,

and ∂L/∂s → ∞ as s → ∞, implying an interior optimum. This interiority result is used

in the main text and in Predictions 2–4 below.

Prediction 1 For any fixed s, the objective is strictly decreasing in vj:

∂L
∂vj

= − τ̄

1 + µei
− βv exp{−(βss + βvvj)}R < 0.

Therefore, L(s; vj, ei) is pointwise strictly decreasing in vj, so its minimum CA(vj, ei) is

strictly decreasing in vj.
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Prediction 2 Using the interiority result above, the FOC is

s∗

1 + λei
= βsR exp{−(βss∗ + βvvj)}.

Implicit differentiation yields

∂s∗

∂ei
=

λs∗
(1+λei)2

1
1+λei

+ β2
s R exp{−(βss∗ + βvvj)}

> 0.

The numerator and denominator are strictly positive, so ∂s∗/∂ei > 0.

Prediction 3 Under delegation,

d
dei

log p
(
s∗, vj

)
= −βs

∂s∗

∂ei
.

By Prediction 2 above, ∂s∗/∂ei > 0, so

d
dei

log p
(
s∗, vj

)
< 0.

Therefore, misalignment falls with expertise.

Prediction 4 By the envelope theorem,

−∂CA

∂ei
=

λ(s∗)2

2(1 + λei)2 +
µτ̄(1 − vj)

(1 + µei)2 .

For copilot use,

−∂CC

∂ei
=

(1 − α)ϕ

(1 + ϕei)2 − κ′(ei).

Therefore, delegation has a strictly larger return to expertise if and only if

λ(s∗)2

2(1 + λei)2 +
µτ̄(1 − vj)

(1 + µei)2 >
(1 − α)ϕ

(1 + ϕei)2 − κ′(ei).
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A.2. Labeling Details

User characteristics Role, seniority, and years of work experience of sampled users

were determined by a labeling prompt combined with in-context examples. Sector is

an internal Cursor designation at the firm level. De-identified data on work history

summaries was constructed by Cursor by matching a subset of users to publicly available

profile information. Each de-identified history summary used for labeling contained a

list of job titles and year ranges. The 100 most common job titles were manually labeled

with role and seniority, and passed as examples alongside a prompt detailed in Figure A1

to label the history summaries. The labeling was conducted using an internal inference

endpoint.
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Figure A1: Characteristics prompt.

User Characteristics From Work History

Given a JSON array of work history, extract the following fields:

• earliest_professional_employment_start_year: the chronologically first professional employment
start year as a 4-digit integer; ignore any student/intern/volunteer/teaching/campus/research
assistant roles.

• role: choose ONE from this set exactly: {role_options}.

• seniority: choose ONE from this set exactly: {seniority_options}.

Classification guidelines:

• Weigh the current/most recent title most strongly when determining role.

• If the role is general management, people management, operations, or founder, and does not
clearly map to software, product, design, data, marketing, or sales management, set role to
‘business/operations’.

Seniority guidelines:

• Set seniority=‘executive/founder’ ONLY for explicit executive signals: C-level (e.g., CEO, CTO,
CFO, COO, CIO, CISO ...), President, Vice President/VP/SVP/EVP, Founder/Co-Founder, or titles
containing ‘Global Head’ or ‘Worldwide Head’.

• Otherwise, classify titles containing ‘Director’, ‘Senior Director’, ‘Executive Director’, ‘Head of’, or
‘Manager’ as seniority=‘management’ (not ‘executive/founder’).

• management: People management, including Director, Senior Director, Executive Director, Head
of, Manager, Senior Manager, Principal Manager, Group Manager (not ‘executive/founder’).

• staff/principal: Staff, Principal, Distinguished, Fellow, Architect, Solutions/Software Architect.
Numeric levels IV/V (or 4/5) map here when IC roles.

• senior: Senior, Lead (when not ‘Team Lead’ and not paired with Manager/Director/Head), IC
level III (or 3).

• junior: Software Engineer, Product Manager, Associate, Junior, IC level I/II (or 1/2). Default for
plain ‘Engineer/Developer’ without modifiers.

• Conflicts: management overrides senior/staff terms in the same title (e.g., ‘Senior Director’ =>
management).

Examples of labeled data (use these as guidance):
{examples_text}
Return ONLY valid JSON with keys: earliest_professional_employment_start_year, role, seniority. Do
not include comments or markdown fences.

48



Table A2: Summary statistics on user characteristics.

Full Sample Telemetry Snapshot Agent Metrics Tab Metrics Intent Metrics
(1) (2) (3) (4) (5)

N users 119,960 82,332 78,368 62,598 42,348
N firms 1,000 997 994 995 399
Role:

Software 88,443 (73.7%) 63,507 (77.1%) 60,572 (77.3%) 50,165 (80.1%) 33,563 (79.3%)
Data/ML 10,803 (9.0%) 7,458 (9.1%) 6,997 (8.9%) 5,961 (9.5%) 3,712 (8.8%)
Business/Operations 10,008 (8.3%) 5,611 (6.8%) 5,328 (6.8%) 3,406 (5.4%) 2,622 (6.2%)
Product 5,142 (4.3%) 2,764 (3.4%) 2,603 (3.3%) 1,401 (2.2%) 1,062 (2.5%)
Design 2,884 (2.4%) 1,637 (2.0%) 1,576 (2.0%) 853 (1.4%) 763 (1.8%)
Sales 1,480 (1.2%) 742 (0.9%) 710 (0.9%) 467 (0.7%) 334 (0.8%)
Marketing 1,200 (1.0%) 613 (0.7%) 582 (0.7%) 345 (0.6%) 292 (0.7%)

Sector:
Software & Developer Tools 48,327 (40.3%) 33,683 (40.9%) 31,900 (40.7%) 26,058 (41.6%) 16,327 (38.6%)
Finance & Fintech 24,875 (20.7%) 16,761 (20.4%) 15,901 (20.3%) 12,827 (20.5%) 9,641 (22.8%)
Consumer & Retail 14,434 (12.0%) 9,825 (11.9%) 9,341 (11.9%) 6,882 (11.0%) 5,571 (13.2%)
Media & Advertising 10,870 (9.1%) 7,623 (9.3%) 7,310 (9.3%) 5,844 (9.3%) 3,831 (9.0%)
Logistics & Platforms 8,973 (7.5%) 6,113 (7.4%) 5,895 (7.5%) 4,738 (7.6%) 3,477 (8.2%)
Healthcare & Life Sciences 7,081 (5.9%) 4,830 (5.9%) 4,647 (5.9%) 3,641 (5.8%) 2,312 (5.5%)
Consulting & Professional Services 5,400 (4.5%) 3,497 (4.2%) 3,374 (4.3%) 2,608 (4.2%) 1,189 (2.8%)

Seniority:
Junior 46,309 (38.6%) 33,676 (40.9%) 32,312 (41.2%) 26,801 (42.8%) 17,901 (42.3%)
Senior 36,100 (30.1%) 25,523 (31.0%) 24,381 (31.1%) 19,604 (31.3%) 13,527 (31.9%)
Management 19,724 (16.4%) 11,521 (14.0%) 10,747 (13.7%) 7,364 (11.8%) 4,978 (11.8%)
Staff/Principal 13,252 (11.0%) 9,045 (11.0%) 8,507 (10.9%) 7,048 (11.3%) 4,914 (11.6%)
Executive/Founder 4,575 (3.8%) 2,567 (3.1%) 2,421 (3.1%) 1,781 (2.8%) 1,028 (2.4%)

Years of experience:
Mean 12.1 11.6 11.6 11.3 11.4
Standard deviation 7.0 6.8 6.8 6.7 6.7
25th percentile 7 7 6 6 6
Median 11 10 10 10 10
75th percentile 16 15 15 15 15

Notes – This table reports summary statistics of user characteristics. Column (1) reports statistics
from the full sample of organization users. Column (2) reports summary statistics from the
telemetry snapshot subsample between the week of November 17, 2025 through the week of
January 19, 2026. Column (3) restricts the snapshot subsample to agent users only, and Column
(4) restricts the snapshot subsample to autocomplete users only. Column (5) restricts to a
subsample of the agent metrics users for whom message intent was collected.
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A.3. Additional Exhibits on Agent Usage

I include additional exhibits related to the analysis of agent usage.

• Table A3 reports differences in mean usage between the full agent metrics sample

and the message intent subsample.

• Figure A4 reports AI tool usage share across joining cohorts.

• Figure A5 reports the average share of task categories across worker characteristics.

• Figure A6 reports the share of agent-only usage across worker characteristics.

• Figure A7 and Figure A8 report intent shares for all messages and first messages

across worker characteristics.

• Table A9 and Table A10 report relationships between first message intents and

years of experience, and Table A11 and Table A12 report relationships between all

message intents and years of experience.

• Figure A13 reports agent accept rates across worker characteristics.

• Figure A14 reports autocomplete accept rates across worker characteristics.

• Table A15 reports regressions of agent accept rates on work experience in the

message intent subsample.

• Table A16 reports relationships between agent accept rates, work experience, plan

rates, and ask rates.

• Table A17 reports relationships between autocomplete accept rates and work

experience.
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Usage statistics Table A3 reports mean usage across samples. Firms that use the

conversation classification feature tend to have higher average usage.

Table A3: Usage statistics across the metrics samples.

Agent Metrics
Agent Metrics

(Intent Window)
Agent Metrics
(Intent Match)

(1) (2) (3)

N users 78,368 67,838 42,348
N firms 994 989 399
Mean usage 59.2 60.7 67.6
Role:

Software 58.8 60.1 66.2
Data/ML 56.0 57.8 65.8
Business/Operations 63.2 65.0 75.3
Product 62.1 64.6 81.1
Design 80.6 83.0 101.8
Sales 56.7 59.8 71.8
Marketing 59.2 66.5 74.3

Sector:
Software & Developer Tools 61.2 63.6 70.8
Finance & Fintech 57.0 57.4 63.8
Consumer & Retail 59.3 60.0 69.4
Media & Advertising 57.0 58.5 61.7
Logistics & Platforms 57.2 59.2 66.0
Healthcare & Life Sciences 56.3 55.9 63.8
Consulting & Professional Services 63.7 63.8 76.2

Seniority:
Junior 59.9 60.9 67.5
Senior 57.0 57.9 63.7
Management 56.4 59.7 71.4
Staff/Principal 62.9 65.1 71.8
Executive/Founder 71.7 76.6 85.4

Years of experience quintile:
1 (least) 59.8 59.8 67.2
2 57.7 59.3 65.4
3 56.8 58.1 64.1
4 59.0 61.2 68.4
5 (most) 63.3 65.8 74.2

Notes – This table reports statistics on mean usage across user characteristics. Column (1)
reports statistics from the full agent metrics snapshot sample between the weeks of November 17,
2025 and January 19, 2026. Column (2) restricts to the subsample between the weeks of
December 22, 2025 and January 19, 2026, when the message intent data was collected. Column
(3) further restricts to the sample matched to message intent.
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Agent diffusion across cohorts Figure A4 plots AI tool usage across time, separated

by user creation cohort. Later adopters who joined after the full release are more than

30 percentage points more likely to use agent than autocomplete. Early adopters have

also shifted to using agents.

Figure A4: AI tool usage among active users by creation date cohort.

Notes – This figure plots the share of weekly active users who used the autocomplete feature or
the agent feature. The agent feature was released in the November 24, 2024 update, and was
made the default generation mode in the February 19, 2025 update. The agent would become
the default setting when users updated their software clients. Each subfigure corresponds to a
different user creation range. Pre-Beta corresponds to users created before November 24, 2024,
Pre-Full Release corresponds to users created starting November 24, 2024 and before February
19, 2025, and Post-Full Release corresponds to users created starting February 19, 2025.
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Task categories across characteristics Figure A5 plots shares of conversation task

categories, averaged across user-weeks.

Figure A5: Task categories across characteristics.

Notes – This figure plots the distribution of conversation task category classifications, averaged
across user-weeks, by worker characteristics.
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Agent-only usage by verifiability score Figure A6 plots agent-only usage shares across

worker characteristic-level verifiability scores.

Figure A6: Agent-only usage by verifiability score.

Notes – This figure plots the share of active user-weeks that only used agents across
characteristics, sorted by task verifiability score.
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Message intents by characteristics Figure A7 plots message intents across worker

characteristics.

Figure A7: Message intents by worker characteristics.

Notes – This figure plots the average shares of message intents across sectors, roles, seniorities,
and quintiles of work experience.
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First message intents by characteristics Figure A8 plots first message intents across

worker characteristics.

Figure A8: First message intents by worker characteristics.

Notes – This figure plots the average shares of first message intents across sectors, roles,
seniorities, and quintiles of work experience.
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First message intents and years of experience Table A9 and Table A10 report the

results of regressions of first message intent rates on years of work experience.

Table A9: First message intents and work experience.

First Message Intent Share [%]

Write Code Ask Plan Task Automation Other

Work Experience (σ) 0.04 -0.88∗∗∗ 0.45∗∗∗ 0.39∗∗∗ -0.00
(0.13) (0.13) (0.05) (0.04) (0.02)

Constant 53.71∗∗∗ 38.77∗∗∗ 4.21∗∗∗ 2.28∗∗∗ 1.03∗∗∗

(0.13) (0.12) (0.04) (0.03) (0.02)

R2 0.000 0.001 0.001 0.002 0.000
Observations 118,407 118,407 118,407 118,407 118,407

Notes – This table reports results of regressions of first message intent rates on work experience.
One standard deviation in work experience corresponds to approximately 7 years of experience.
Standard errors clustered by user are reported in parentheses.

Table A10: First message intents and work experience.

First Message Intent Share [%]

Write Code Ask Plan Task Automation Other

Work Experience (σ) 0.12 -0.85∗∗∗ 0.42∗∗∗ 0.31∗∗∗ 0.00
(0.14) (0.13) (0.05) (0.04) (0.02)

R2 0.004 0.005 0.003 0.007 0.001
Within R2 0.000 0.001 0.001 0.001 0.000
Observations 118,407 118,407 118,407 118,407 118,407

Week FE ✓ ✓ ✓ ✓ ✓
Role FE ✓ ✓ ✓ ✓ ✓
Sector FE ✓ ✓ ✓ ✓ ✓

Notes – This table reports results of regressions of first message intent rates on work experience.
The specifications include week, role, and sector fixed effects. One standard deviation in work
experience corresponds to approximately 7 years of experience. Standard errors clustered by
user are reported in parentheses.
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Message intents and years of experience Table A11 and Table A12 report the results

of regressions of message intent rates on years of work experience.

Table A11: Message intents and work experience.

Message Intent Share [%]

Write Code Ask Plan Task Automation Other

Work Experience (σ) 0.64∗∗∗ -1.46∗∗∗ 0.28∗∗∗ 0.54∗∗∗ 0.00
(0.10) (0.09) (0.02) (0.03) (0.01)

Constant 59.41∗∗∗ 33.24∗∗∗ 3.48∗∗∗ 3.08∗∗∗ 0.79∗∗∗

(0.10) (0.09) (0.02) (0.03) (0.01)

R2 0.001 0.004 0.002 0.007 0.000
Observations 118,407 118,407 118,407 118,407 118,407

Notes – This table reports results of regressions of message intent rates on work experience. One
standard deviation in work experience corresponds to approximately 7 years of experience.
Standard errors clustered by user are reported in parentheses.

Table A12: Message intents and work experience.

Message Intent Share [%]

Write Code Ask Plan Task Automation Other

Work Experience (σ) 0.65∗∗∗ -1.40∗∗∗ 0.26∗∗∗ 0.49∗∗∗ 0.01
(0.10) (0.09) (0.03) (0.03) (0.01)

R2 0.008 0.011 0.006 0.011 0.001
Within R2 0.001 0.004 0.002 0.005 0.000
Observations 118,407 118,407 118,407 118,407 118,407

Week FE ✓ ✓ ✓ ✓ ✓
Role FE ✓ ✓ ✓ ✓ ✓
Sector FE ✓ ✓ ✓ ✓ ✓

Notes – This table reports results of regressions of message intent rates on work experience. The
specifications include week, role, and sector fixed effects. One standard deviation in work
experience corresponds to approximately 7 years of experience. Standard errors clustered by
user are reported in parentheses.
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Agent accept rates Figure A13 plots agent accept rates across user characteristics.

Figure A13: Relative agent accept rates by user characteristics.

Notes – This figure plots relative agent accept rates across sectors, roles, and seniorities.
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Autocomplete accept rates Figure A14 plots autocomplete accept rates across user

characteristics.

Figure A14: Relative autocomplete accept rates by user characteristics.

Notes – This figure plots relative autocomplete accept rates across sectors, roles, and seniorities.
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Accept rates and work experience Table A15 reports the relationship between agent

accept rates and work experience, restricting to the set of user-weeks with available

message intent data.

Table A15: Accept rates and work experience (message intent sample).

Relative Accept Rate × 100

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

Work Experience (σ) 1.93∗∗∗ 1.92∗∗∗ 1.93∗∗∗ 1.96∗∗∗ 1.65∗∗∗

(0.08) (0.08) (0.08) (0.09) (0.10)
Constant 100.95∗∗∗

(0.09)

R2 0.006 0.007 0.007 0.007 0.008
Within R2 - 0.006 0.006 0.006 0.003
Observations 118,407 118,407 118,407 118,407 118,407

Week FE ✓ ✓ ✓ ✓
Role FE ✓ ✓ ✓
Sector FE ✓ ✓
Seniority FE ✓

Notes – This table reports results of regressions of relative agent accept rates on work experience.
The sample is restricted to the set of user-weeks with available message intent data. The columns
progressively add week, role, sector, and seniority fixed effects. One standard deviation in work
experience corresponds to approximately 7 years of experience. Standard errors clustered by
user are reported in parentheses.
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Accept rates, experience, and intents Table A16 reports the relationship between

agent accept rates, work experience, and first message intent rates. Experienced workers,

users who plan more, and users who ask less accept agent-generated code at higher

rates.

Table A16: Correlates of accept rates.

Relative Accept Rate × 100

(1) (2) (3) (4)

Work Experience (σ) 1.65∗∗∗ 1.61∗∗∗

(0.10) (0.09)
Plan Rate [%] 0.07∗∗∗ 0.06∗∗∗

(0.01) (0.01)
Ask Rate [%] -0.04∗∗∗ -0.04∗∗∗

(0.00) (0.00)

R2 0.008 0.006 0.008 0.013
Within R2 0.003 0.001 0.004 0.008
Observations 118,407 118,407 118,407 118,407

Week FE ✓ ✓ ✓ ✓
Role FE ✓ ✓ ✓ ✓
Sector FE ✓ ✓ ✓ ✓
Seniority FE ✓ ✓ ✓ ✓

Notes – This table reports results of regressions of relative agent accept rates on work experience,
ask rates, and plan rates. The specifications include week, role, sector, and seniority fixed effects.
One standard deviation in work experience corresponds to approximately 7 years of experience.
Standard errors clustered by user are reported in parentheses.

62



Autocompletion accept rates and work experience Table A17 reports the relationship

between autocomplete accept rates and work experience.

Table A17: Work experience and autocompletion accept rates.

Relative Accept Rate × 100

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

Work Experience (σ) -4.18∗∗∗ -4.13∗∗∗ -4.06∗∗∗ -4.05∗∗∗ -3.45∗∗∗

(0.18) (0.18) (0.18) (0.18) (0.20)
Constant 100.00∗∗∗

(0.17)

R2 0.005 0.006 0.007 0.007 0.008
Within R2 - 0.005 0.005 0.005 0.003
Observations 350,362 350,362 350,362 350,362 350,362

Week FE ✓ ✓ ✓ ✓
Role FE ✓ ✓ ✓
Sector FE ✓ ✓
Seniority FE ✓

Notes – This table reports results of regressions of relative autocompletion accept rates on work
experience. The columns progressively add week, role, sector, and seniority fixed effects. One
standard deviation in work experience corresponds to approximately 7 years of experience.
Standard errors clustered by user are reported in parentheses.
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A.4. Additional Exhibits on Merge Output

I include additional exhibits related to the analysis of merge output.

• Table A18 reports characteristics of firms in the outcomes sample and firms in the

rest of the sample.

• Table A19 reports pre-period balance statistics for the merge metadata sample.

• Figure A20 plots raw outcomes across the groups.

• Table A21 reports period-by-period means for the eligible and baseline groups.

• Table A22 reports results using the wild cluster bootstrap-t.

• Figure A23 reports the estimate versus estimates from placebo specifications that

shuffle group assignment.

• Table A24 reports results of triple difference regressions interacted with firm

characteristics.

• Table A25 reports results using the log of output metrics as dependent variables.

• Table A26 reports heterogeneity results using the log of merges as the dependent

variables.

• Table A27 reports heterogeneity analysis across number of users.

• Table A28 reports additional estimates related to lines edited per merge and number

of files touched per merge.

• Table A29 reports subsample analyses by partitions of the eligible group.
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Characteristics table Table A18 compares characteristics of firms in the outcomes

sample and firms in the rest of the sample.

Table A18: Characteristics across samples.

Eligible Group
(pre beta)

Eligible Group
(endline)

Baseline Group
(endline)

Rest of Sample
(endline)

N users 115.8 393.3 119.1 113.2
Years of experience 11.1 11.1 12.0 12.0
Engineer share 0.73 0.67 0.77 0.73

N firms 24 24 8 968

Notes – This table reports means of firm-level means across the eligible group, baseline group,
and rest of sample. Endline statistics are computed with respect to the final user join date
present on the sample, which is August 31, 2025. The pre-beta eligible group statistics reflect
users on the platform who joined before the beta release.
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Balance table Table A19 is a balance table for the difference-in-differences specification.

Table A19: Balance table.

Eligible Group Baseline Group Normalized Difference

Merges 271.7 264.3 0.04
Lines Edited (K) 50.5 47.7 0.07
Bugfix Rate (%) 10.4 10.0 0.06
Revert Rate (%) 1.07 0.87 0.20
Lines Edited / Merge 197.0 195.9 0.02
Files Touched / Merge 6.0 6.1 -0.11

Firms 24 8

Notes – This table reports pre-beta release means of the main outcome measures for the eligible
and baseline groups. The eligible group contains firms that adopted the Cursor platform before
the sample period began in October 2024. The baseline group contains firms that did not use the
Cursor platform during the sample period. Note that the average of lines edited / merge (a mean
of ratios) is greater than average lines edited / average merges (a ratio of means) since weekly
merges and lines edited per merge are negatively correlated.
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Raw outcomes Figure A20 plots mean outcomes across the groups. There is seasonality

in merges and lines edited during holidays, which is adjusted for in the results that use

the difference-in-differences specification.

Figure A20: Outcomes surrounding the agent feature release.

(a) Output (larger outcomes indicate higher output).

(b) Quality (smaller outcomes indicate lower rates of short-run issues).

(c) Scope (larger outcomes proxy for larger-scoped merges).

Notes – This figure plots mean outcomes related to throughput (merges and lines edited), quality
(bugfix rate and revert rate), and scope (lines edited per merge and files touched per merge) for
firms in the eligible and baseline groups. Vertical lines denote the release date and default date
of the agent feature.

67



Outcome table Table A21 reports means of the output and quality measures across

release periods and firm groups.

Table A21: Mean outcomes across groups and periods.

Period Group Merges Lines Edited (K) Revert Rate (%) Bugfix Rate (%)

Pre Beta Release Eligible 271.7 50.5 1.07 10.4
Baseline 264.3 47.7 0.87 10.0

Post Beta Release (Complete Window) Eligible 322.7 62.4 0.92 9.3
Baseline 245.2 44.8 0.79 10.3

Post Beta Release & Pre Full Release Eligible 262.1 48.1 0.99 10.0
Baseline 224.5 41.8 0.85 9.9

Post Beta Release & Post Full Release Eligible 375.2 74.8 0.86 8.6
Baseline 263.1 47.4 0.73 10.6

Notes – This table reports mean outcomes across periods for the eligible and baseline groups.
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Bootstrap Table A22 reports estimates from the main difference-in-differences specifi-

cation. Inference uses the wild cluster bootstrap-t (Cameron et al., 2008), clustered by

firm and implemented via the fwildclusterboot package (Fischer and Roodman, 2021).

The analysis is computed using 9,999 replications with Rademacher weights, absorbing

week fixed effects. Two-sided p-values and 95% confidence intervals are reported. The

original t-statistic from clustering by firm is also reported. There are 24 eligible firms

and 8 baseline firms.

Table A22: Results from bootstrap inference.

(a) Post beta versus pre beta.

Outcome Estimate p-value CI Low CI High t-statistic

Merges 70.09 0.002 31.74 108.63 3.77
Lines Edited (K) 14.80 0.006 4.68 24.70 3.01
Revert Rate (%) -0.074 0.595 -0.361 0.212 -0.54
Bugfix Rate (%) -1.41 0.030 -2.66 -0.16 -2.42

(b) Post full release versus pre beta.

Outcome Estimate p-value CI Low CI High t-statistic

Merges 104.69 0.002 52.99 156.36 4.10
Lines Edited (K) 24.61 0.003 9.36 39.85 3.29
Revert Rate (%) -0.081 0.624 -0.429 0.274 -0.49
Bugfix Rate (%) -2.40 0.004 -3.85 -0.92 -3.43

Notes – These tables report the results of the main difference-in-differences regressions, along
with wild cluster bootstrap p-values and confidence intervals.

69



Placebo estimates Figure A23 reports the results of a placebo exercise that shuffles

group assignment. The analysis takes 50,000 random draws (without replacement) of

potential 24/8 group assignments. For each draw, I re-estimate the main difference-in-

differences specification using the Eligible x Post Full Release treatment timing. The

two-sided Fisher randomization p-value is 0.015.

Figure A23: Placebo coefficient estimates.

Notes – This figure plots the results of a placebo exercise that shuffles group assignment for the
main difference-in-differences specification. The figure plots the distribution of placebo
coefficients, and denotes the paper’s estimate using a red vertical line.
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Interacted specification Table A24 reports the results of triple difference regressions

that interact the main specification with percentile rank of a firm characteristic. The

specification is

Yi,t = αi + αt + β1 × Eligiblei × Postt + β2 × Postt × Xi + β3 × Eligiblei × Postt × Xi + εi,t

across firms i and calendar weeks t. Xi is the percentile rank of the sorting variable,

either non-engineer share or average years of experience. Percentile ranks are with

respect to the distribution of characteristics of eligible firms. For each baseline firm, its

percentile is assigned as the average of the percentiles of eligible firms with adjacent

characteristics. Percentile ranks are centered around 0 so β̂1 reflects the estimated effect

on a firm at the median of the distribution.
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Table A24: Results from interacted specifications.

(a) Post beta versus pre beta.

Merges Merges Merges
(1) (2) (3)

Eligible × Post Beta Release 70.09∗∗∗ 72.75∗∗∗ 66.26∗∗∗

(18.60) (21.13) (16.81)
Post Beta Release × Rank -13.40 -50.36

(43.12) (32.65)
Eligible × Post Beta Release × Rank 94.58∗ 157.88∗∗∗

(53.89) (53.34)

Rank None Non-Engineer Share Average Work Experience
R2 0.87 0.87 0.87
Within R2 0.02 0.02 0.03
Observations 1,088 1,088 1,088

Firm FE ✓ ✓ ✓
Time FE ✓ ✓ ✓

(b) Post full release versus pre beta.

Merges Merges Merges
(1) (2) (3)

Eligible × Post Full Release 104.69∗∗∗ 107.47∗∗∗ 101.24∗∗∗

(25.54) (25.70) (23.41)
Post Full Release × Rank -14.01 -45.43∗

(26.24) (25.15)
Eligible × Post Full Release × Rank 109.78∗ 198.95∗∗∗

(55.25) (69.16)

Rank None Non-Engineer Share Average Work Experience
R2 0.90 0.90 0.90
Within R2 0.05 0.07 0.10
Observations 672 672 672

Firm FE ✓ ✓ ✓
Time FE ✓ ✓ ✓

Notes – These tables report the results of triple difference regressions of weekly merges on group
type, post indicator, and percentile rank of firm characteristics across non-engineer share and
mean years of experience.
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Regressions with log of output metrics Table A25 reports results from the main

difference-in-differences specification with log merges and log lines edited as dependent

variables.

Table A25: Output results using log outcomes as dependent variables.

Post Beta Release Post Full Release

log(Merges) log(Lines Edited) log(Merges) log(Lines Edited)
(1) (2) (3) (4)

Eligible × Post 0.24∗∗ 0.33∗∗∗ 0.36∗∗∗ 0.46∗∗∗

(0.09) (0.12) (0.10) (0.12)

R2 0.87 0.80 0.92 0.84
Within R2 0.01 0.01 0.05 0.05
Observations 1,088 1,088 672 672

Firm FE ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓

Notes – This table reports regression results with log merges and log lines edited as dependent
variables. Standard errors are clustered by firm.

73



Heterogeneity with log of merges Table A26 reports the results corresponding to

heterogeneous increases in output, following Table 13. The dependent variable is

replaced with the natural logarithm of merges.

Table A26: Heterogeneity results using log merges as the dependent variable.

(a) Post beta versus pre beta.

Software Engineer Share Average Work Experience

Low High Low High

Eligible × Post Beta Release 0.29∗∗∗ 0.19 0.22∗ 0.27∗∗

(0.10) (0.12) (0.12) (0.11)

R2 0.89 0.86 0.87 0.88
Within R2 0.03 0.01 0.01 0.02
Observations 680 680 680 680

Firm FE ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓

(b) Post full release versus pre beta.

Software Engineer Share Average Work Experience

Low High Low High

Eligible × Post Full Release 0.41∗∗∗ 0.30∗∗ 0.33∗∗ 0.39∗∗∗

(0.12) (0.13) (0.14) (0.12)

R2 0.91 0.93 0.91 0.93
Within R2 0.10 0.05 0.06 0.09
Observations 420 420 420 420

Firm FE ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓

Notes – These tables report the results of the heterogeneous effects regressions with log merges
as the outcome variable. Standard errors clustered by firm are reported in parentheses.
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Heterogeneity across size of user base Table A27 reports heterogeneity analyses that

split the eligible group across the median of number of users in the pre-beta-release

period.

Table A27: Heterogeneity across size of user base.

(a) Heterogeneity across size of user base (merges).

Post Beta Release Post Full Release
Number of Users Number of Users

Low High Low High

Eligible × Post 63.04∗∗∗ 77.14∗∗ 90.33∗∗∗ 119.06∗∗

(21.63) (27.59) (27.09) (42.13)

R2 0.85 0.88 0.87 0.91
Within R2 0.03 0.02 0.09 0.08
Observations 680 680 420 420

Firm FE ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓

Pre-Beta Mean 208.4 335 208.4 335
Percent Change 30.2% 23.0% 43.3% 35.5%

(b) Heterogeneity across size of user base (log merges).

Post Beta Release Post Full Release
Number of Users Number of Users

Low High Low High

Eligible × Post 0.25∗∗ 0.24∗ 0.40∗∗∗ 0.32∗∗

(0.10) (0.13) (0.10) (0.15)

R2 0.83 0.90 0.90 0.93
Within R2 0.02 0.01 0.10 0.05
Observations 680 680 420 420

Firm FE ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓

Notes – These tables report heterogeneity analyses split by medians of pre-beta-release number
of users. Standard errors are clustered by firm.

75



Merge scope Table A28 reports the results of regressions following

Yi,t = αi + αt + β1 × Eligiblei × Post Betat + β2 × Eligiblei × Post Fullt + εi,t (6)

These regressions present subperiod analyses that divide the post-release period into a

pre-full release and post-full release period.

The regressions include outcome variables related to scope: Lines edited per merge

and files touched per merge. Analogously to lines edited, number of files touched per

merge is winsorized at the 1% level at the right tail, and then averaged to the weekly

level. The merge scope subsample analysis considers changes in small and large merges,

defined as those below or above median lines edited or files touched for the eligible

group in the pre-beta period.

Table A28a does not find evidence of changes in lines edited per merge or files

touched per merge. Table A28b indicates that there were increases in both small and

large merges. In the eligible group, pre-release means of merges per week were 137.0 for

small merges and 134.5 for large merges (by lines edited), and 146.1 for small merges

and 125.6 for large merges (by files touched).

In the initial period of agent use, there is directional evidence that eligible firms

produced more merges of both types. Changes are computed by dividing each β̂1 by

pre-release means. When scope is defined by lines edited, eligible firms produced small

merges 12% more often and large merges 10% more often. When scope is defined by

files touched, eligible firms produced small merges 10% more often and large merges

12% more often.

In the full release period, eligible firms produced more merges of both types. Changes

are computed by dividing each β̂1 + β̂2 by pre-release means. When scope is defined

by lines edited, eligible firms produced small merges 33% more often and large merges

44% more often. When scope is defined by files touched, eligible firms produced small

merges 39% more often and large merges 38% more often.
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Table A28: Estimates from subperiod and subsample analyses.

(a) Estimates from subperiod specification across outcomes.

Merges Lines Edited (K) Revert Rate (%) Bugfix Rate (%) Lines / Merge Files / Merge
(1) (2) (3) (4) (5) (6)

Eligible × Post Beta Release 30.17∗ 3.47 -0.07 -0.27 3.29 0.08
(16.89) (3.33) (0.15) (0.69) (20.85) (0.43)

Eligible × Post Full Release 74.52∗∗∗ 21.14∗∗∗ -0.02 -2.12∗∗∗ 10.48 0.22
(23.37) (6.63) (0.15) (0.75) (12.48) (0.26)

R2 0.87 0.83 0.27 0.53 0.50 0.50
Within R2 0.04 0.04 0.00 0.01 0.00 0.00
Observations 1,088 1,088 1,088 1,088 1,088 1,088

Firm FE ✓ ✓ ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓ ✓ ✓

(b) Estimates from subperiod specification across merge scope subsamples.

Merges
Small (Lines) Large (Lines) Small (Files) Large (Files)

(1) (2) (3) (4)

Eligible × Post Beta Release 16.84∗ 13.38 14.95∗ 15.22
(8.46) (9.99) (8.30) (10.64)

Eligible × Post Full Release 27.82∗∗∗ 46.31∗∗∗ 41.70∗∗ 32.82∗∗∗

(9.06) (15.79) (15.37) (10.22)

R2 0.88 0.86 0.86 0.87
Within R2 0.03 0.04 0.03 0.04
Observations 1,088 1,088 1,088 1,088

Firm FE ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓

Notes – These tables report difference-in-differences estimates of outcomes among firms eligible
for the agent feature. The estimates follow the specification in Equation (6). The top panel
reports estimates related to output, quality, and scope. The bottom panel compares estimates
filtering to merges above and below the median of lines edited or files touched. Standard errors
clustered by firm are reported in parentheses.
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Effects by firm subsamples Table A29 reports variations of the main difference-in-

differences results that split the eligible group across pre-release outcomes. These

outcomes are weekly merges, weekly lines edited, revert rates, and bugfix rates. Eligible

firms are ranked by pre-release means of each outcome, and then split along the median.

The results indicate that eligible firms with higher pre-release revert rates had no higher

increases in merges after the agent was released than eligible firms with lower pre-release

revert rates.

Table A29: Subsample analysis by pre-release merge characteristics.

(a) Post beta versus pre beta.

Outcome for Subsample Split: Merges Lines Edited Revert Rate Bugfix Rate
Eligible Group Subsample: Low High Low High Low High Low High
Dependent Variable: Merges

(1) (2) (3) (4) (5) (6) (7) (8)

Eligible × Post Beta Release 45.45∗∗∗ 94.74∗∗∗ 62.73∗∗∗ 77.45∗∗ 73.94∗∗∗ 66.25∗∗ 72.00∗∗ 68.19∗∗∗

(13.94) (30.52) (18.34) (29.86) (25.41) (24.28) (27.02) (22.52)

R2 0.88 0.84 0.88 0.85 0.88 0.86 0.85 0.90
Within R2 0.03 0.03 0.04 0.02 0.02 0.03 0.02 0.03
Observations 680 680 680 680 680 680 680 680

Firm FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Pre-beta mean merges: 101.29 442.17 122.60 420.86 261.50 281.96 320.29 223.17
Percent change: 44.9% 21.4% 51.2% 18.4% 28.3% 23.5% 22.5% 30.6%

(b) Post full release versus pre beta.

Outcome for Subsample Split: Merges Lines Edited Revert Rate Bugfix Rate
Eligible Group Subsample: Low High Low High Low High Low High
Dependent Variable: Merges

(1) (2) (3) (4) (5) (6) (7) (8)

Eligible × Post Full Release 51.05∗∗∗ 158.33∗∗∗ 74.63∗∗∗ 134.76∗∗∗ 113.01∗∗ 96.38∗∗∗ 113.03∗∗∗ 96.36∗∗

(17.55) (41.32) (24.93) (41.94) (39.74) (30.90) (35.52) (35.67)

R2 0.90 0.88 0.90 0.88 0.91 0.89 0.88 0.92
Within R2 0.05 0.12 0.07 0.09 0.08 0.08 0.07 0.09
Observations 420 420 420 420 420 420 420 420

Firm FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Pre-beta mean merges: 101.29 442.17 122.60 420.86 261.50 281.96 320.29 223.17
Percent change: 50.4% 35.8% 60.9% 32.0% 43.2% 34.2% 35.3% 43.2%

Notes – This table reports difference-in-differences estimates of merges among subsamples of
firms eligible for the agent feature. In each regression, the eligible group is split across medians
of pre-release outcome variables. The estimates follow the specification in Equation (4).
Standard errors clustered by firm are reported in parentheses.
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