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How are agentic Al systems affecting productivity and the cognitive experience of work?
This paper studies the effects of agents on software development by analyzing the
impacts of an Al-assisted programming platform. In 2024, the platform released a
coding agent that allows its users to generate code from natural language instructions.
While the majority of users work in software roles, there is also a cohort of frequent
agent users across non-engineering roles like design and product management. More
experienced workers are more likely to accept agent-generated code—one standard
deviation higher work experience corresponds to 6% higher accept rates. This positive
experience gradient for agent accepts contrasts with a negative experience gradient for
Al autocompletion accepts, as well as a junior worker skew among other kinds of Al
tools. A difference-in-differences analysis of weekly code merges indicates that software
output increased by 39% after the agent became the platform’s default code generation
mode. Agents may shift the production process from the syntactic activity of typing code
to the semantic activity of instructing and evaluating agents. User messages to agents
include instructions to implement, explain, and plan. Experienced workers are more
likely to develop plans in their initial messages to agents, which could improve alignment
with user intent. These results suggest that abstraction, clarity, and evaluation may be
important skills for workers.
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An agentic Al system pursues objectives by perceiving and acting on its environment
(Russell and Norvig, 2020; Wooldridge and Jennings, 1995). Recent advances in agentic
Al systems integrate language models with external tools and feedback loops (Yao et
al., 2023; Schick et al., 2023). With these integrations, an agent can access information
and take actions that may be unavailable to a standalone language model. While many
applications of Al have provided workers with recommendations and guidance (Friedman,
2021; Angelova et al., 2023), agents allow workers to delegate some self-contained tasks
to Al systems.

This paper finds evidence consistent with four economic implications of Al agents
applied to production. First, agents allow non-specialists to perform some specialist
tasks. Second, workers with more experience and organizational context appear to have
higher skill delegating tasks to agents. Third, agent usage is associated with increases in
organization-level output. Fourth, agents facilitate a shift from syntactic to semantic work
patterns—from implementing tasks to specifying objectives and evaluating responses.

Software development has been one of the earliest professions to adopt Al agents.
This paper analyzes adoption, usage, messages, and output related to Cursor Agent—a
coding agent that converts natural language instructions into generated code. While
agents are primarily used by software engineers, they are also used by people in non-
engineering roles like design and product management. Experienced workers accept
agent-generated code more often—this contrasts with other kinds of Al tools that have
been disproportionately applied to output by less experienced workers.

Agent usage is associated with higher output. Organization-level data on weekly code
merges indicates that software output increased by 39% after the agent was made the
default generation mode for eligible users. There were no significant changes in merge
revert rates in the six months following the agent’s release—this result is consistent with
similar rates of production issues from code changes, but does not measure longer-run
impacts on codebase structure and maintainability. Cross-sectionally, frequent agent
users tend to produce more output and implement larger-scoped code changes.

Agents may influence the cognitive experience of production. Software production
has traditionally involved typing code sequences into a computer. Agent users produce
software by providing natural language instructions and evaluating generated code
sequences. Usage is multipurpose—people use agents not just to implement code, but
also to explain code behavior and develop plans. More experienced workers are more
likely to generate plans in their initial messages to agents, which may improve alignment
between agent trajectories and user intent.



Adoption of agents To measure how Al has been adopted for software development
and how people use agents, I study a sample of 1,000 organizations that adopted Cursor—
a platform for Al-assisted programming. The platform is used by people working in
sectors including software, finance, and media. It is primarily used by people working
in software roles, who make up 76% of users in the sample. It is also used by people
working in other roles like data science, product management, and design. The platform
is used by both individual contributors and managers, and is adopted across levels of
work experience.

In November 2024, the platform released a coding agent that integrates language
models with external tools. These tools include codebase search, web browsing, and
command execution, and allow agents to interact with codebases and external data. The
agent feature is adopted by most users of the platform—by July 2025, the feature was
used by 92% of active users and all active organizations in the sample.

While most agent users work in software roles, agents are also used by people
working in roles and sectors with traditionally lower engineering intensity—including
managers, designers, and workers at consulting firms. Software engineers submit 52.1
agent messages per week. Meanwhile, designers submit 74.7 agent messages per week
and accept code 1.14 times as often as software engineers do. Given current agent
capabilities, people may be more likely to delegate tasks that are verifiable over short

horizons to agents.

Experience gap in agent accept rates Among agent users, the most frequent usage
is at the top and bottom deciles of work experience. Experienced workers are more
likely to accept agent-generated code. This difference in accept rates may be a product
of experienced workers’ higher skill using agents, task distribution better suited for the
feature, or more liberal accept criteria.

Additional evidence is consistent with a skill-based explanation for this experience
gap in agent accept rates. The experience gap persists after adjusting for role, sector,
and seniority—including manager status. If the experience gap were fully explained
by task distributions better suited for agents, there would need to be commensurate
variation in experienced workers’ output tasks not accounted for by these observable
characteristics. Experienced workers are also more likely to develop plans with agents
before acting, which suggests that generated output may be more aligned with these
workers’ intent. If higher accept rates were driven by less vigilant agent use, it would be
unlikely for experienced workers to have plan-first usage styles. Moreover, experienced



workers are less likely to request that agents explain code, which suggests they may have
more codebase context that could improve alignment.

The experience gap in accept rates differs from usage patterns of other kinds of
Al tools, which have been skewed toward less experienced workers. For example,
suggestions from the Cursor autocompletion feature, an earlier Al-assisted programming
technology, are more likely to be accepted by people with less work experience. Prior
research that analyzes ChatGPT usage has also found a junior skew: Humlum and
Vestergaard (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, though older
people are more likely to send work-related messages. One potential explanation is
that Al autocompletion tools assist during task execution, while Al agents require task
specification. People with more experience and organizational context may have higher
skill specifying the tasks that they delegate.

Changes in output after agent release To quantify changes in outcomes associated
with the agent feature’s release, I analyze merge characteristics from a sample of 32
organizations. The agent feature was released on November 24, 2024 and was made the
default generation mode on February 19, 2025. I use a difference-in-differences design
that compares outcomes in the weeks surrounding the agent’s release. The analysis
period covers merges from October 2024 to May 2025. The comparison is between 24
organizations that were already using the platform when the analysis period began (the
“eligible group”) and 8 organizations that were not using the platform during the analysis
period (the “baseline group”).

Following the agent feature’s release, software output among eligible organizations
increased. In the 28-week period after the agent was released, weekly code merges were
26% higher in the eligible group relative to time trends in the baseline group. Filtering
to the 15-week period after the agent was made the default generation mode, 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 similar codebase quality in
the short run, but do not measure structural, longer-horizon changes in quality from
agent use. There were no significant changes in lines edited per merge or files touched
per merge, which is consistent with similar scope of additional output after the agent’s
release.

Using cross-sectional data from one organization, I find that more frequent agent use



is associated with higher merge output, as well as more lines edited and files touched per
merge. Unlike the agent release results, these cross-sectional results are not the product
of a natural experiment: While more frequent agent use may increase output or scope,
more productive workers could also be more disposed to use agents frequently.

Early adopters of the platform may not be representative of all organizations that
develop software. If early adopters are more willing to use new technologies and have
greater skill using agents, these estimated effects may be larger than effects of coding
agent use on other organizations. On the other hand, productivity effects of information
technologies can increase with time as complements mature (Brynjolfsson et al., 2021)—
the effects of agents on output may also increase as technologies and adoption patterns

evolve.

Semantic shift in work patterns People who use agents produce software using a nat-
ural language interface—this usage style may influence the experience of programming.
Traditionally, developers have translated high-level goals into software by manually typ-
ing code sequences. Using agents, developers can specify goals using natural language,
and then evaluate and deploy Al-generated code sequences. If agents help people map
semantics to syntax, work patterns may shift toward developing and specifying semantics,
and evaluating agent-produced syntax.

To study work patterns with agents, I analyze user message intent. I study the
characteristics of first messages to agents across a sample of 1,000 users. While the
majority (61%) of messages are for implementation, people also use agents to explain
code and to make plans. Explanation messages may help people understand codebases
and code behavior, and refine the semantics of the software they aim to produce. Planning
messages may help people turn goals into implementation logic, and may also give people
opportunities to modify an agent’s behavior before it generates code. Users with plan-first
usage styles have higher agent accept rates.

Experience, planning, and context People with more work experience are more likely
to instruct agents to plan before acting. This behavior may improve alignment—it gives
users an opportunity to review and modify agent behavior before changes are made.
People with more work experience are also less likely to instruct agents to explain code.
Put together, these results suggest that experienced workers are more likely to seek
alignment before generating output, and may have more codebase understanding.
Effective agent use may involve fluency with abstraction, clarity, and evaluation. An



agent user has an implicit model of what agents are capable of producing. Alignment of
agent-produced output may depend on how clearly a user specifies their intent. Align-
ment between output and intent may also depend on how effectively a user evaluates
generated code before applying it to output.

Related literature This paper builds on the literature studying economics, technology,
and cognition. The impacts of information technologies vary across task types, manage-
ment practices, and organization characteristics, and may not be fully realized in the
short run (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 adoption of coding agents across roles
and sectors, and estimates effects of these agents on output. Agents may help to offload
the syntactic activity of writing code, and shift work patterns toward communicating
logic in natural language and evaluating generated outputs.

This paper contributes to the literature studying Al in software development. Field
experiments (Cui et al., 2024) and task-specific experiments (Peng et al., 2023; Par-
adis et al., 2024) find shorter task completion times for people who use Al-assisted
programming, particularly among less experienced developers. Becker et al. (2025)
randomize Al availability across tasks among 16 developers and find longer completion
times for Al-use tasks. Cross-sectional evidence finds positive correlations between Al
use, software production speed, and bugfix rates among organizations (Arcolano, 2025),
and variation in chatbot and agent use across message styles, use cases, and implied
project types (Anthropic, 2025). Hoffmann et al. (2024) find that developers eligible
for Al-assisted coding tools shifted their work toward coding outputs and away from
project management outputs. Chen and Stratton (2025a,b) study productivity effects
of Al-assisted programming tools across detailed categories of output tasks. This paper
studies the impacts of agents on software development. By using a natural experiment
induced by a coding agent’s release timeline, this paper can identify effects of agents
in a field setting. This field design observes developers’ continual use of agents in their
jobs, which allows for longer-term measurement than laboratory experiments on Al use.
This paper introduces statistics on what kinds of people use Al tools, how people use
agents, and how agent usage patterns relate to work experience. Finally, this paper uses



categorizations of natural language message data to study the experience of working
with agents.

This paper also contributes to the literature on how people interact with Al outputs
in the field. In prediction policy problems (Kleinberg et al., 2015), people respond
to the outputs of algorithms that predict specific outcomes (e.g. Agrawal et al., 2018;
Angelova et al., 2023; Stevenson and Doleac, 2024). Coding agents are not targeted to
predict specific outcomes; people instead use these tools to generate new code sequences.
Users can influence how these algorithms behave by providing context: People may
change their interaction patterns as algorithms evolve (Jahani et al., 2025), and steerable
algorithms may call for new design patterns (Vafa et al., 2025). The choice of which
context to provide may influence alignment. A related literature studies usage and effects
of voice agents (Choi et al., 2025; Jabarian and Henkel, 2025). This paper studies how
people interact with agentic Al systems and apply generations from agents to output.

Finally, this paper contributes to the broader literature on Al's economic effects, which
includes work studying Al and productivity (e.g. Noy and Zhang, 2023; Brynjolfsson
et al., 2025b), the growing footprint of Al use (e.g. McElheran et al., 2024; Bick et
al., 2024; Humlum and Vestergaard, 2025; Chatterji et al., 2025), interaction patterns
with language models (e.g. Zhao et al., 2024; Handa et al., 2025; Tomlinson et al.,
2025; Chatterji et al., 2025), Al 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 incomplete
representations (Liang, 2025). Labor market effects of Al tools may depend on how
technical capabilities and task-level applications relate to worker expertise (Garicano and
Rossi-Hansberg, 2006; Autor and Thompson, 2025), changes in demand for worker skills
(Katz and Murphy, 1992), and reallocation of tasks within roles (Hampole et al., 2025).
Ide and Talamas (2025) argue that non-autonomous Al systems may complement workers
with less expertise and autonomous Al systems may complement workers with more
expertise. Recent hiring for junior workers has differed across occupations and firms—
some researchers argue these differences may stem from Al exposure (Brynjolfsson et al.,
2025a; Lichtinger and Maasoum, 2025), and other researchers find smaller aggregate
reallocation (Gimbel et al., 2025). The effectiveness of Al 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). This paper
analyzes the adoption and economic impacts of agentic Al systems, which integrate
language models with external tools. Workers can use these systems to perform new



Figure 1: Example applications of Al-assisted programming.
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Notes — This figure shows examples of Al-assisted programming across modalities.

* Autocompletion (left panel). As a user types code, the autocompletion feature suggests
new code that a user can choose to accept.

* Agent conversation and edits (middle panel). A user asks a question, the agent searches
the codebase for an answer, and the user follows up with an instruction. The user can
choose to accept the generated code edits.

* Team communication and agent instructions (right panel). One user shares product
feedback, and a second user instructs the agent to address the feedback. The second user
reviews the generated code change, which is eventually merged into the codebase.

process tasks related to instructing and evaluating agents. In contrast to other kinds
of Al tools, coding agents have been applied to output more frequently by experienced
workers.

1. Context and Data

I describe software development and Al-assisted programming, and document the data
sources used in this paper.



1.1. Software Development and Al-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 often 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. These systems allow developers to work on
parallel versions of a codebase for different work items, revert problematic changes, and
collaborate without overwriting each other. 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.

Al and software development Software development has been a common domain for
Al applications. Code includes repetitive patterns (Hindle et al., 2016) that language
models can recognize and apply. Many software outputs can be verified with tests,
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Figure 2: Agents integrate language models with tools.
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Notes — This figure describes how agents integrate language models with tools and context to
produce output.

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
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 Al-assisted code that ultimately gets deployed. In addition, people who produce Al-
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 Al-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 auto-
completion 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.

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. Figure 2 describes components of coding
agents.

In controlled environments, agents have increased performance across evaluation
benchmarks, but have struggled with consistency and instruction-following (Liu et al.,
2024; Jimenez et al., 2024; Yang et al., 2024). Quantifying the effects of agents in
practice calls for empirical analysis of agent usage and output.

1.2. Data

To measure the adoption of Al-assisted programming and quantify agent usage patterns, I
analyze aggregated usage metrics and professional characteristics from a random sample
of 1,000 organizations. The sample is uniformly drawn from a subset of organizations
with 50 or more users, with a recorded sector, and which had started using Cursor before
July 15, 2025. To measure organization-level output, I analyze historical merge metadata
from 32 organizations. For more detailed analyses, I analyze person-level activity, merge,
and deployment data from one organization, which will be referred to as Company 1. For
the analysis of message intent and work patterns, I analyze message intent classifications
from a random sample of 1,000 individual users. All statistical analyses using these data
report anonymized and aggregated estimates.

Adoption and usage styles To measure the adoption of Al-assisted programming,
I analyze usage and professional characteristics from the 1,000-organization sample.
The analysis focuses on a subset of 86,665 users matched to role, seniority, and years
of work experience. The procedure for labeling professional characteristics from de-
identified work history summaries is described in Appendix A.1. Statistics reported
using professional characteristics have a minimum threshold of 100 users. To measure
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adoption of the agent feature, I analyze weekly usage of the platform. Weeks are indexed
on Mondays. To measure usage styles, I use a cross-section of this sample filtered to users
with agent edit outcomes recorded during the final full week of the sample, which started
on July 7, 2025. The analysis focuses on users that sent at least one agent message from
the code editor with edit outcomes observed in that week. This results in a match to
44,160 users for this analysis.

Output, quality, and scope proxies To measure aggregate effects on output, I use
a panel of organization-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. I compare outcomes between an “eligible”
group of organizations that started using Cursor before the analysis period began, and a
“baseline” group of organizations 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 been affected by the agent release
and agent default updates. Meanwhile, the baseline group’s production technology
would not have been affected by these updates during the analysis period. There are
24 eligible organizations and 8 baseline organizations, with 323,589 merges covered
over the 34-week sample period. To measure developer-level associations between agent
usage and output, I analyze merge and deployment metadata from Company 1. This
metadata is used for cross-sectional analyses that relate agent usage styles to outcome
metrics across developers.

Semantic shift in work patterns To analyze the semantic content of agent messages, I
analyze intent labels of initial messages in an agent conversation. The algorithmically-
generated intent labels come from users on individual subscriptions who opted into
sharing messages with the platform. The empirical analysis relates shares of these labels
to work experience and accept rates. I analyze a random sample of labels from May and
June 2025 across 1,000 users on individual subscriptions, uniformly drawn from a subset
of individual users matched to years of work experience with at least 20 initial messages
over the period. This corresponds to a sample of 77,024 message labels.
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2. Adoption and Usage Patterns

Al-assisted programming has been adopted across sectors and roles. The sample consists
of organizations that produce output including developer tools, financial tools, and
media. The majority of sampled users are software developers, with a tail of usage across
workers in roles including data, product management, and design. The platform is used
across levels of seniority and experience.

Agent use has become a common modality of Al-assisted programming—a majority of
sampled platform users adopted the agent feature in the six months following its release.
In addition to software engineers, people working in lower-code roles like designers
and product managers also use agents. Agent use is also frequent in lower-code sectors,
including in consulting and professional services.

Developers with more years of work experience accept generated outputs more often.
The least experienced decile of workers uses agents frequently, but is less likely to accept
generated outputs.

2.1. User Characteristics

Figure 3 plots statistics on platform users across sectors, roles, seniorities, and years of
experience. The top panels and bottom left panel plot the share of users in the 1,000-
organization sample across each category. The bottom right panel plots the distribution
of users across years of work experience.

Al-assisted programming is used across sectors. 39% of users in the sample work
in organizations that produce software and developer tools. A further 44% work in
finance/fintech, consumer/retail, and media/advertising (which includes gaming).

While the majority of users hold software roles, the platform is also used in roles with
traditionally lower programming intensity. Software roles account for 76% of users in the
sample, with data and machine learning roles accounting for a further 9%. Additional
roles include product management, design, and sales.

40% of users hold Junior roles, 31% hold Senior roles, and 11% hold Staff/Principal
roles (“Staff” and “Principal” are more senior roles in software development). A further
15% hold management roles, while 4% hold founder and executive roles. Adoption is
highest across people with 5-15 years of work experience.
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Figure 3: User characteristics.
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Notes — This figure plots the distribution of users in the sample of organization users across
sectors, roles, seniorities, and years of work experience.

2.2. Diffusion of Agent Use

The platform’s agent feature was released on November 24, 2024. Prior to the release
of the agent feature, the platform included a tab autocompletion feature and a chat
interface with standalone language models for generation. When the agent feature was
initially released, users would have to manually select it to use agentic capabilities for
generation. On February 19, 2025, the agent feature was made the default generation
mode in the updated Cursor client.

Figure 4 plots the shares of active organizations and users in the sample who used
the feature in a given week. In the week before the feature was made default, 24% of
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Figure 4: Diffusion of active agent use in the sample.
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Notes — This figure plots the share of organizations and users who used the agent feature,
relative to all active platform-using organizations or users in the sample in a given week. The
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.

active users and 67% of active organizations in the sample used the agent feature. At the
end of the sample period, 92% of active users and all active organizations in the sample
used the agent feature.

2.3. Usage Styles

People across roles and sectors use agents. Experienced users are more likely to accept
generations from agents. The least experienced decile of users uses agents frequently,
but is less likely to accept generated output.

Figure 5 plots agent usage styles across roles, sectors, seniorities, and years of
experience. It includes statistics on agent message frequency and agent accept rates.
Agent message frequency is the number of agent messages submitted from the code
editor. Relative accept rate is the share of agent messages with recorded edit outcomes
for which an edit was accepted, scaled by the mean accept rate.

Usage frequency, accept rates, and task types Figure 5a plots usage styles across
user roles. Software engineers submit 52.1 agent messages per week. Agents are also
used by workers in non-engineering roles. Designers submit 74.7 agent messages per
week, and accept 1.14 times as often as software engineers do. Product managers submit
56.3 agent messages per week, and accept 1.08 times as often as software engineers
do. For non-engineering roles, agents may assist with prototyping designs and features.
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Figure 5: Agent usage styles by user characteristics.

(a) Role
Agent Usage by Role Relative Accept Rate by Role
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Product —— Marketing —_——
Sales p—_— Business/Operations ——t
Software leof Data/ML —e—
Marketing — F———— Sales —+ ® t
Data/ML 1 1 1 1 1 1 1 1 1 SOftware 1 1 M 1 1 1 1 1 1 1
45 50 55 60 65 70 75 80 85 095 098 100 103 105 108 110 112 115
Weekly usage Relative accept rate
(b) Sector
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(c) Seniority
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(d) Years of Work Experience
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Notes — This figure plots agent usage patterns across role, sector, seniority, and decile of work
experience from the agent metrics sample. Weekly usage corresponds to total agent messages.
Relative accept rate is the share of messages with recorded edit actions for which a code edit was
accepted, scaled by the mean rate. Error bars report 95% confidence intervals for group means.
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People may be more likely to delegate these tasks, which are verifiable at short horizons,
to agents. If agent use increases among non-engineering roles, some of these tasks may
be reallocated from engineering to non-engineering roles.

Figure 5b plots usage styles across sectors. Workers at consulting and professional
services firms have the highest agent usage frequency (68.0 messages per week) and
accept rate. Software outputs at these firms could include prototypes and dashboards,
which may be verifiable at short horizons. Workers at consulting firms may also have
more liberal accept criteria, given their output may be less likely to integrate into complex
systems. Workers at finance and fintech firms have lower agent usage frequency (49.1
messages per week) and accept rates. Codebases at financial firms may be more bespoke
and code changes may require more precise verification.

Figure 5¢ plots usage styles across seniorities. Users with management titles submit
50.6 messages per week and have the highest accept rates. Users with junior titles submit
53.8 messages per week and have the lowest accept rates.

Experience gap in agent accept rates Figure 5d plots usage styles across years of
experience. Experienced users are more likely to accept agent-generated code. The least
experienced decile of users is more likely to submit agent messages, but is less likely to
accept generated code edits.

The experience gap in agent accept rates persists after adjusting for role, sector, and
seniority. Table A4 reports the results of regressions of accept rate on work experience.
After adjusting for role and sector, one standard deviation (6.6 years) higher experience
corresponds to 5.9% higher accept rates relative to the mean. After further adjusting
for job title seniority, one standard deviation higher experience corresponds to 4.9%
higher accept rates relative to the mean. Table A5 further adjusts for total usage. While
higher usage is associated with higher accept rates, higher experience continues to be
associated with higher accept rates. The positive experience gap for agent accepts con-
trasts with a negative experience gap for autocompletion accepts. Figure A6 shows that
less experienced workers are more likely to accept suggestions from the autocompletion
feature.

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
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clarity of description and effective mental models of agent capabilities. Task distributions
may also vary—an alternative explanation for these results is that experienced workers
perform tasks that agents are more suited for. If this task distribution shift is with respect
to process tasks (i.e. senior workers break up equivalent business features into chunks
better suited for agents) instead of output tasks (i.e. senior workers work on business
features that are better suited for agents), higher accept rates may still be consistent with
higher skill using 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 A4 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 charac-
teristics. 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, which would run
counter to the results in Section 4. If experienced workers are 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 A6 unless risk perceptions
differ between tools. If autocompletion helps workers complete tasks, while agents help
workers delegate tasks, it is possible that experienced workers currently 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 Al-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

organization-level effects, I turn to an analysis of organization-level outcomes.
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3. Output

The release of the agent feature was associated with increases in software output,
and no significant changes in a short-run software quality proxy. Section 3.1 reports
organization-level difference-in-differences estimates across historical merge metadata
from 32 organizations. 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.

Frequent agent users produce more output—they merge more code, edit more lines,
and edit more files per merge. Section 3.2 reports person-level correlational evidence
on agent usage and software development outcomes from one organization. As this
second set of results is not the product of a natural experiment, the evidence could
reflect a combination of effects of agent use and characteristics of workers who are more
productive or more open to new technologies.

3.1. Output: Organization-Level Evidence

Measurement Using the weekly panel of merge metadata described in Section 1.2, I
analyze output and quality metrics in the weeks surrounding the release of the agent
feature. These are historical outcomes observed at the organization level.

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

Estimated effects of the agent feature To quantify effects of the agent feature release,
I estimate dynamic difference-in-differences regressions following the specification

Yip =+ + Z Br X Disx+ ey (D
kA1

across organizations i and calendar weeks t. D;;; = 1 if organization i is in the eligible
group and week t is k weeks relative to the release week. «; and «; are organization 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 6 reports results from these regressions across the two main outcomes for
output and quality. In the Appendix, Figure A7 reports results across additional outcome
variables, Table A8 reports pre-period balance statistics, and Figure A9 plots weekly
mean values across periods and groups.

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

Y;+ = «; + «; + B x Eligible; x Post; + ¢;; 2)

In one set of specifications, I compare outcomes on and after the release week to
outcomes before the release week. In another set of specifications, I compare outcomes
on and after the default week to outcomes before the release week, filtering out the
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Figure 6: Estimated effects of the agent feature.

Merges Revert Rate (%)

Merges / week
=
o
o o
1
|
—tOo—
l—r.—l
|—.—|
.—0—.
[
1-@--1
|—.—|
H——
|—l—.—|
—1
L O—
———
—e—
—_—
.—.—.
n-—-.-——-u
—.—'
——i
——
—
——
—
—_—
Revert rate (%) / week
o
1
1
T
—®
¢
Fommm e @ = fmmmmma
I—.—:—I
f
|
|
——
|—.—{—|
1
l—:-.—l
———
—e—i|
—
T
———
|
' Py .
|—f—.—|
i

-100 Agent released
= Agent made default -2
1 1 1 1 [ 1 1 1 1 1 I 1 1 1 : 1 1 1 1
-4 0 4 8 12 16 20 24 28 -4 0 4 8 12 16 20 24 28
Weeks relative to release Weeks relative to release

Notes — This figure plots dynamic difference-in-differences estimates of merges and revert rates
among organizations eligible for the agent feature. The estimates follow the specification in
Equation (1). Vertical lines denote the weeks of the release date and default date of the agent
feature. Standard errors are clustered by organization.

intermediate period.

Table 7 reports the results of regressions following Equation (2) across the four
outcomes. Over the period after the agent release, Table 7a indicates that merges in
the eligible group were 26% higher and lines edited were 29% higher relative to the
pre-release period.! Over the default period, Table 7b indicates that merges in the
eligible group were 39% higher and lines edited were 49% higher relative to the pre-
release period. Table 7 also shows no significant changes in revert rates and decreases in

bugfix rates. Table A11 reports the results of additional inference using the wild cluster
bootstrap-t.

Merges and productivity: Scope The results from Figure 6 and Table 7 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 would be 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 on merge characteristics that
do not appear consistent with the data.

Table A12a 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

'In the eligible group, the pre-release sample mean for merges is 271.7 and for thousands of lines
edited is 50.5.
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Table 7: Agent availability is associated with higher output.

(a) Post-release (full) versus pre-release.

Merges Lines Edited (K) Revert Rate (%) Bugfix Rate (%)
(1) (2) (3) €))
Eligible x Post Release = 70.09 14.80 -0.07 -1.41
(18.60) (4.91) (0.14) (0.58)
R? 0.87 0.83 0.27 0.53
Within R? 0.02 0.01 0.00 0.00
Observations 1,088 1,088 1,088 1,088
Organization FE v v v v
Time FE v v v v

(b) Post-default versus pre-release.

Merges Lines Edited (K) Revert Rate (%) Bugfix Rate (%)
1) 2) 3) 4)
Eligible x Post Default 104.69 24.61 -0.08 -2.40
(25.54) (7.48) (0.17) (0.70)
R? 0.90 0.87 0.37 0.66
Within R? 0.05 0.05 0.00 0.02
Observations 672 672 672 672
Organization FE v v v v
Time FE v v v v
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Notes — These tables report difference-in-differences estimates of outcomes related to output
(merges and thousands of lines edited) and quality (revert rate and bugfix rate) among
organizations eligible for the agent feature. The estimates follow the specification in
Equation (2). The top panel compares outcomes from the post-release and pre-release periods.
The bottom panel compares outcomes from the post-default and pre-release periods. Standard
errors clustered by organization are reported in parentheses.

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
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
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 A12b
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
organizations 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 dif-
ferentially affected the eligible group relative to the baseline group—coincided with
the agent’s release and default dates. There were no other Cursor client updates in the
months of the agent release and default 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 organizations
adjusted merge behavior in anticipation of agent releases. Each organization 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 organization characteristics. Given these institutional details, it
is reasonable that the agent’s release and default generated exogenous variation in the
eligible group’s production technology.

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
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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 A8. However a heterogeneity analysis in Table A13 indicates
that eligible organizations with higher pre-period revert rates had no larger increases
in merges after the agent was released and made default. Moreover, Table A8 indicates
that the organizations 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 be key drivers of cross-group effect heterogeneity in this
sample. The effects of agents on output may also increase with time as the technology
matures and as organizations invest in complements (e.g. Brynjolfsson et al., 2021).

3.2. Output: Person-Level Evidence

To measure person-level correlates of agent use, I analyze data from Company 1 on
merges and deployment outcomes from May and June 2025. Merges and lines edited
have the same definitions as in Section 3.1. 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 were attributed to any rollback in
deployment. I also consider unique files, unique filetypes, and unique codebase areas
edited per merge as proxies for scope.

To estimate cross-sectional relationships between agent usage frequency and out-
comes, I use the specification

Y; = a + BUsage,; + ¢; (3)

Table 8 reports the results of these regressions.

Higher agent use 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 3.1,
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
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Table 8: More frequent agent usage is associated with higher output.

(a) Output and review velocity.

Total Merges Total Lines (K) Lines (K) / Merge Review Time (h)

(1) (2) 3) 4)

Agent Usage (o) 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)

R? 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 (0) -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)

R? 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. The estimates follow the specification in Equation (3). 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.

workers may be more willing to use new technologies like agents, and may work on
larger-scoped code changes.

4. Semantic Shift in Work Patterns

People use agents by communicating in natural language—this usage style may influence
the experience of programming. An intent classification of messages to agents indicates
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Table 9: Example messages and labels

Message

Label

Can you do a codebase search for Function and restrict to Location and
Location.

Error: Message why this happens in Location ?

Explain Code/Codebase

Explain Error

Implement this Class, using the Class in @Location as a reference Implement

Do we need the Service in here? Is there a better pattern for this we can  Plan

follow? Can we abstract anything here into helpers?

Where is Object constructed for the backend? What address does it hit? Explain Code/Codebase
Service is already faster at around 3/4 the time of the original implemen- Plan

tation. List some ideas we can make this even faster.

generate new @Location for all pages changed in @Branch Implement

can you refactor this and get rid of Config and instead use individual Implement

arguments for each function
why is the Object closing when one is toggled? don’t want that to happen
What does this file do in the context of the project

Explain Error
Explain Code/Codebase

Notes — This table presents examples of initial messages to agents along with intent labels. The
messages were sent by developers at Anysphere, the company that releases Cursor, from their
internal accounts. Specific codebase information is replaced with generic labels.

that people use agents to implement code, develop plans, explain errors, and explain
code. These behaviors offload different parts of the software development process. More
experienced workers are more likely to send planning instructions in their first messages,
which may improve alignment. People with plan-first usage styles are more likely to
accept agent edits.

4.1. Message Intent

To analyze message styles, I use a labeling of messages into user intent. This labeling
consists of categories for “Implement,” “Plan,” “Explain Code/Codebase,” “Explain Error,”
and “Other.” More details on the labeling procedure are presented in Appendix A.1. For
illustration, Table 9 includes example messages from a separate sample of developers at
Anysphere using their internal accounts, along with model-implied labels.

For the empirical analysis, algorithmically-generated labels are derived from the
sample of opt-in individual users described in Section 1.2. The empirical analysis studies
shares of these labels.
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Intent labeling “Implement” messages are instructions to change code and configu-
rations. They can include feature work, bugfixes, test setup, and content generation.
“Plan” messages are instructions to specify code changes, and requests for guidance on
implementing software. They can include requests for pros and cons, recommended
options, and step-by-step plans. “Explain Code/Codebase” messages are requests to
interpret existing code, system logic, and library functionality. They can include build and
log outputs to analyze behavior. “Explain Error” messages are requests to explain errors.
They can include logs and stack traces, and requests about likely causes of errors. “Other”
messages do not fit into this taxonomy, and include greetings and non-code-related
queries.

While non-implementation messages do not clearly request implementation, they
may still trigger code generation by an agent. For example, an “Explain Error” message
may generate a suggested code change from an agent to fix a bug. Message content also
does not include editor context, which may make an implementation intent clearer to
an agent. For example, the “Explain Code/Codebase” message “How does function A
handle negative input values?” could be interpreted by the agent as an implementation
request if a user is working on the function and did not add logic for handling negative
input values.

These results reflect behaviors of platform users with individual subscriptions, which
may differ from behaviors of users with organization subscriptions. For example, devel-
opment in this sample may be skewed toward personal projects, which may involve more
exploration and greenfield work. The distribution of work experience also has a higher
mean and is more dispersed in the individual sample than in the organization sample.”
However, if the behavioral patterns correlated with work experience are similar between
the organization and individual samples, the relationship between work experience and
intent may be similar in both samples.

Agents, planning, and offloading Figure 10 reports the distribution of initial messages
by intent label. 60.9% of messages have an “Implement” intent, 13.6% have a “Plan”
intent, 12.1% have an “Explain Code/Codebase” intent, 11.9% have an “Explain Error”
intent, and 1.5% have an “Other” intent. In addition to using agents to translate
specifications into code, people also use agents to make plans, explain errors, and explain
code.

2The mean years of work experience in the individual user sample is 14.2, and the standard deviation
is 8.4. The 25th percentile is 7, the median is 13, and the 75th percentile is 20.
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Figure 10: Distribution of message intent
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Notes — This figure plots the distribution of intent in conversation-starting messages to agents
from the individual user sample. 60.9% of messages have an “Implement” intent, 13.6% have a
“Plan” intent, 12.1% have an “Explain Code/Codebase” intent, 11.9% have an “Explain Error”
intent, and 1.5% have an “Other” intent.

Agents may alter the behaviors that developers have traditionally used to understand
code. For example, a developer might substitute time spent searching through a code
library’s documentation toward time spent asking agents how the library works. Devel-
opers might also substitute some of their codebase explanation questions away from
coworkers and toward agents.

The use of agents to explain implies that people may be offloading some parts of the
production process to external representations (e.g. Zhang and Norman, 1994). Such
offloading may aid production by outsourcing knowledge related to one-off tasks. It
could also hinder production if, for example, a developer uses agents to address similar
types of errors but does not internalize the source of the errors for future work.

The use of agents to plan implies that agents may influence how workers choose
to allocate effort. People who use agents to generate plans may review and modify
proposed steps before the agent acts. Such users may be more inclined to seek alignment
with agents. Consistent with this view, Table Al5a finds that users with higher rates
of plan-first intents also have higher agent accept rates. Given planning requests can
include instructions to weigh pros and cons, people may also delegate some judgment
tasks to agents.

4.2. Experience, Context, and Alignment

As people gain work experience, their familiarity with codebase structure and interaction
patterns with colleagues may change. These changes may influence how experienced
workers interact with agents. To analyze the relationship between message intent and
work experience, I estimate regressions following

Intent Frequency; = « + SWork Experience; + ¢; “4)
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Table 11: Experienced workers are more likely to make plans in their initial messages.

Implement Plan Explain Code Explain Error Other

(D (2) 3) 4 (5)

Work Experience (0) -0.68 1.63 -0.83 -0.24 0.12
(0.61) (0.40) (0.35) (0.29) (0.09)

Constant 58.91 15.02 13.20 11.23 1.64
(0.58) (0.37) (0.35) (0.27) (0.10)

R2 0.00 0.02 0.01 0.00 0.00
Observations 1,000 1,000 1,000 1,000 1,000

Notes — This table reports the results of regressions of message intent frequency on work
experience, following Equation (4). One standard deviation in work experience corresponds to
8.4 years of experience. Robust standard errors are reported in parentheses.

across users i. Table 11 reports the results of these regressions.

Experienced workers send more planning messages For every standard deviation
increase in work experience, people are 1.6 percentage points more likely to send “Plan”
messages. Experienced workers may be more likely to send plan instructions because
they have had more experience communicating goals with colleagues. To the extent
that experienced workers review and modify agent-produced plans, this behavior may
improve alignment with user intent. Table A15b shows that both work experience and
planning intent frequency are associated with higher accept rates.

Experienced workers send fewer code explanation messages For every standard
deviation increase in work experience, people are 0.8 percentage points less likely to send
“Explain Code/Codebase” messages. This evidence suggests that experienced workers
may have more code context and codebase understanding.

Adjusting for total usage Table A14 reports regression estimates of the relationship
between message intent and work experience that further control for total usage. Sim-
ilar to the results from Section 3.2, frequent users’ behavior appears skewed toward
producing output. There are more messages related to implementation and explaining
errors, and fewer related to explaining code and planning. After adjusting for total
usage, experienced workers continue to send more “Plan” messages and fewer “Explain
Code/Codebase” messages.
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4.3. Higher-Order Thinking

Agents add a layer of abstraction to production. This move toward abstract production is
not a new 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. Many programmers have adopted additional layers
of abstraction, including objects, garbage collection, and libraries.

Across other sectors, production has become more abstract as workers use video
appointments to diagnose patients, digital workstations to produce music, and algorithms
to trade.

Abstractions may increase scale and simplify cognition, but may also introduce
overhead and reduce precision. To use abstractions effectively, people may benefit from
understanding what the abstractions represent and when the abstractions have limits.
Coding agents are abstractions that transform expressed user intent into code—this new
abstraction may increase the value of specific skills.

Abstract thinking Effective agent use may depend on clear mental models of agent
capabilities and task composition. A developer might improve alignment by using past
experiences to forecast an agent’s performance across new tasks. A developer who
understands how to combine tasks to achieve a high-level goal might delegate to agents
more effectively.

Clarity Using agents to implement output involves offloading part of the production
process. Ambiguity in this offloading step could lead agents to produce output a user did
not anticipate. Precise instructions may reduce such misalignment between intent and
output.

Evaluation An agent may not translate goals into output in the same way a person
would. A developer who manually types code may run into design considerations and
implementation issues that influence the final output—the same developer may not
engage in the same cognitive processes when an agent produces code. Evaluation that
accounts for likely failure modes may reduce this alignment problem.
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Discussion

Agent use is associated with higher output and natural language-driven work patterns. If
agents help workers delegate tasks, non-specialists may perform some specialist tasks,
workers with more organizational context may delegate tasks more successfully, output
may increase across organizations, and work patterns may shift from executing tasks to
specifying tasks.

The results in this paper are consistent with these four implications. While coding
agents are primarily used by software developers, they are also used frequently by
people working in non-engineering roles. Experienced workers are more likely to accept
generated code, which is consistent with higher skill using agents. The release of a coding
agent was associated with increases in software merge output. After the release, there
were no significant changes in revert rates and decreases in bugfix rates, though effects
on codebase structure and maintainability may require longer horizons to measure.
People communicate with agents using natural language: They use agents not only to
implement output, but also to explain code patterns and to make plans. Experienced
workers are more likely to develop plans with agents before acting, which may improve
alignment.

These results correspond to early evidence centered around software production.
While software production generates quantifiable outputs that can serve as economic
proxies, longer-run effects in this domain will require additional data to measure. In
addition, software production contains syntactic regularities that Al agents can match,
short-run verifiable outputs that can be useful for post-training, and organization-level
integration practices that may build some safeguards for agent-generated output. While
it is possible that agents may have similar effects in domains with similar properties—
for example in mathematics, accounting, or law—evaluating such impacts will require
additional empirical evidence.

Effective agent use may call for fluency with abstraction, clarity, and evaluation.
People who use coding agents partially abstract from the process of typing code sequences.
Applying these systems to output involves evaluating generations from agents. At the
moment, experienced workers may have more fluency with these skills, given more years
spent developing codebase context, communicating intentions to other workers, and
evaluating code. This skill distribution may change as people learn to use agents and the
underlying technologies evolve. Future research could evaluate the returns to investing
in these skills as knowledge work becomes more abstract.
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A. Appendix

Appendix A.1 includes details on labeling work history and message intent. Appendix A.2
includes additional analysis related to the main results.

A.1. 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 Anysphere designation at the organization level. De-identified data on
work history summaries was constructed by Anysphere 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 Al to label the history summaries. The labeling was conducted
using an internal inference endpoint.

Intent labeling Message intent was determined by a labeling prompt detailed in
Figure A2. Message intent was inferred for users on individual subscriptions who had
opted into sharing message language. The labeling was conducted using an internal
inference endpoint using batches of 16 messages. In the main text, a null label is
referred to as “Other.”
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Figure Al: 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, COOQ, 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 I1I (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.
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Figure A2: Intent prompt

Intent From Message Content

SCHEMA (output must conform exactly):

{
"items": [
{
"intent": string | null // one of the allowed INTENT values, or null
b
1
}

ALLOWED VALUES:
e INTENT: implement | plan | explain code/codebase | explain error
— implement: user requests code changes, creation of artifacts, or execution-oriented changes (scripts, configs, migrations).
— plan: user requests approach/architecture/steps without writing code yet.
— explain code/codebase: user asks how existing code/repo works or where something is implemented.
— explain error: user asks to diagnose a failure using logs/tracebacks/errors or observed malfunction.

DECISION RULES (precedence and tie-breakers):
¢ Choose exactly ONE intent:
1. If the user asks for concrete changes or new artifacts (code/Cl/build/scripts/config) now or within the same request —
intent = implement. This dominates over other intents.
2. Else if the primary request is to diagnose a failure and includes logs/tracebacks/observed malfunction and no action is
requested — intent = explain error.
3. Else if the user asks how the existing system/code works and no action is requested — intent = explain code/codebase.
4. Else if the user asks for an approach or planning without executing changes — intent = plan.
* Purity constraint: choose plan/explain only when there is NO imperative to change, run, fix, or create.

"o

¢ Note: When analysis and action both appear (e.g., "investigate then fix", "write a plan and implement it"), choose implement.

Additional tie-breakers and lexical cues:

» If a request contains even a single directive to make changes now OR as part of the same ask (e.g., "make a plan, then proceed",
"investigate then fix", "write the plan and implement it"), choose implement.

* Authoring non-code artifacts (docs, posts, summaries, test cases) counts as implement.

» If logs/tracebacks are provided AND the user asks to fix/apply a change, choose implement (not explain error).

* Requests to verify what exists in this repo (e.g., "check routes", "is X implemented?", "where is Y?") without asking for changes
— explain code/codebase.

¢ Requests that report ongoing/frequent failures or malfunctions without prescribing changes (e.g., "something is wrong", "this
keeps happening", errors/tracebacks) — explain error.

¢ Requests to run tests/build/deploy or operate tools/environments/CI/CD (e.g., "run all tests", "build and run the app", "set up
staging/prod") — implement.

* Large rename/refactor across the whole project (e.g., rename categories everywhere) — implement.

¢ "How can I ..." questions that clearly expect concrete code changes or command execution in this repo (e.g., "adjust method X",
"use package Y to compute Z in code") — implement (not plan).

¢ Don’t infer missing details. If a field is uncertain, set it to null.

EXAMPLES (for calibration, not to be output):

e "Why does this stack trace fail? [traceback...]" — intent: explain error

* "Replace navbar with shaden menu" — intent: implement

* "How do we assign proxies when creating phones?" — intent: explain code/codebase
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"Use gh CLI to pull PR #225 and address comments" — intent: implement

"Plan the approach for migrating X" — intent: plan

"Tests are failing with this output: [test failure logs]" — intent: explain error

"Refactor large files into modules and add docs" — intent: implement

"What does the authentication middleware do?" — intent: explain code/codebase

"Let’s check the file upload pipeline and confirm routes are implemented" — intent: explain code/codebase
"Can you add logging to the auth module?" — intent: implement

"Something is wrong in this implementation; help identify the problem" — intent: explain error

"Should I use Redis or Memcached for caching here?" — intent: plan

"Run all tests in parallel with run_all test.sh and update report" — intent: implement

"Walk me through the payment processing flow." — intent: explain code/codebase

"Rename component categories across the entire project (elements— primitives, etc.)" — intent: implement
"The build breaks with this message: [build error]" — intent: explain error

"Use this function to sum and format amounts in code?" — intent: implement

"Where are environment variables configured?" — intent: explain code/codebase

"Draft a test plan for feature X; do not implement yet." — intent: plan

n

"Adjust getLocallIP to only return addresses starting with ‘10.”" — intent: implement

"API returns 403 but I'm authenticated; what’s happening?" — intent: explain error

"Could you refactor this to use async/await?" — intent: implement

"What's the difference between ServiceA and ServiceB?" — intent: explain code/codebase

"Scan the repo for modern frontend components and stage them in a folder" — intent: implement
"Memory usage spikes to 8GB; help diagnose the leak." — intent: explain error

"What would be the best approach to migrate from REST to GraphQL?" — intent: plan

"Build and run the repo, then test connecting to providers" — intent: implement

"Explain how module Y resolves dependencies; don’t change anything" — intent: explain code/codebase
"Would you mind updating the dependencies?" — intent: implement

"Diagnose why this 500 happens and do not fix yet" — intent: explain error

"Investigate this stack trace and fix the bug" — intent: implement

"Outline a blue/green rollout and rollback plan for service X." — intent: plan

"Help me set up the development environment." — intent: implement

"In src/auth/AuthService.ts, implement token refresh retry with jitter." — intent: implement
"Compare authentication strategies for this app; don’t implement." — intent: plan

"Given this traceback for migration M, apply the fix and re-run." — intent: implement

"Write unit tests for the UserService class." — intent: implement

"Step 1: install deps; Step 2: run scripts/seed.sh; Step 3: verify counts." — intent: implement
"Document the API endpoints in OpenAPI format." — intent: implement

"Change LOG_LEVEL=warning in docker-compose.yml." — intent: implement

"The /users page renders in ~5s; reduce to under 1s." — intent: implement

"Optimize this slow database query." — intent: implement

"Create models/stg_orders.sql and register dags/dbt_refresh.py in Airflow." — intent: implement
"Train a PyTorch classifier and log metrics to MLflow; add inference/predict.py." — intent: implement

STRICT RULES:

Choose exactly ONE value for intent when evidence exists; otherwise set to null.

Do not guess. If uncertain, set intent to null.

Apply the precedence rules above for intent.

Output ONLY the JSON object adhering to the schema above. No markdown, comments, or additional keys.
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Table A3: Summary statistics from work history classification.

Full Sample

Agent Metrics

Tab Metrics

N users
N organizations
Role:
Software
Data/ML
Business/Operations
Product
Design
Sales
Marketing
Sector:
Software & Developer Tools
Finance & Fintech
Consumer & Retail
Media & Advertising
Logistics & Platforms
Healthcare & Life Sciences
Consulting & Professional Services
Seniority:
Junior
Senior
Management
Staff/Principal
Executive/Founder
Years of experience:
Mean
Standard deviation
25th percentile
Median
75th percentile

86,665
1,000

65,864 (76.0%)
7,862 (9.1%)
6,089 (7.0%)
3,222 (3.7%)
1,921 (2.2%)
900 (1.0%)
807 (0.9%)

34,222 (39.5%)
18,178 (21.0%)
11,871 (13.7%)
7,673 (8.9%)
6,455 (7.4%)
4,538 (5.2%)
3,728 (4.3%)

34,290 (39.6%)
26,640 (30.7%)
12,956 (14.9%)
9,590 (11.1%)
3,189 (3.7%)

11.7
6.7
7

11
16

44,160
997

35,457 (80.3%)
3,731 (8.4%)
2,546 (5.8%)
1,134 (2.6%)
710 (1.6%)
304 (0.7%)
278 (0.6%)

17,693 (40.1%)
9,297 (21.1%)
5,304 (12.0%)
3,975 (9.0%)
3,451 (7.8%)
2,442 (5.5%)
1,998 (4.5%)

19,483 (44.1%)
13,926 (31.5%)
4,874 (11.0%)
4,535 (10.3%)
1,342 (3.0%)

10.9
6.6
6

10
15

40,533
991

32,988 (81.4%)
3,842 (9.5%)
1,990 (4.9%)
791 (2.0%)
444 (1.1%)
262 (0.6%)
216 (0.5%)

16,636 (41.0%)
8,590 (21.2%)
4,672 (11.5%)
3,528 (8.7%)
3,185 (7.9%)
2,192 (5.4%)
1,730 (4.3%)

18,231 (45.0%)
12,846 (31.7%)
3,932 (9.7%)
4,385 (10.8%)
1,139 (2.8%)

10.8
6.4
6

10
14

Notes — This table reports summary statistics of user characteristics variables on the full sample
of organization users. It also reports summary statistics on subsamples with agent edits or tab
autocompletion accepts observed during the week of July 7, 2025.
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A.2. Additional Exhibits
I include additional exhibits related to the analysis.

e Table A4 and Table A5 report results of regressions of relative agent accept rates
on work experience.

» Figure A6 reports relative autocompletion accept rates by user characteristics.

» Figure A7 reports dynamic difference-in-differences estimates for additional out-

comes.
» Table A8 reports pre-period balance statistics for the merge metadata sample.
* Figure A9 plots raw outcomes across the groups.

e Table A10 reports period-by-period means for the eligible and baseline groups.
e Table A11 reports results using the wild cluster bootstrap-t.

* Table A12 reports additional estimates related to lines edited per merge and number
of files touched per merge.

* Table A13 reports subsample analyses by partitions of the eligible group.

e Table A14 reports results of regressions of message intent rates on work experience
and total usage.
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Experience gap in agent accept rates I estimate regressions following
Accept Rate; = pWork Experience; + d.(;) + €;

for user i, where J.(i) corresponds to fixed effects for characteristics c¢. Table A4 reports
the results of these regressions.

Table A4: Work experience and agent accept rates.

Relative Accept Rate x 100
(1) (2) (3) 4)

Work Experience (¢) 5.97 5.82 5.85 4.87
(0.20) (0.20) (0.20) (0.23)

Constant 100.00

(0.20)
R? 0.019 0.021 0.022 0.025
Within R? 0.018 0.018 0.010
Observations 44,160 44,160 44,160 44,160
Role FE v v v
Sector FE v v
Seniority FE v

Notes — This table reports results of regressions of agent accept rates on work experience. The
second column adds role fixed effects, the third adds sector fixed effects, and the fourth adds
seniority fixed effects. One standard deviation in work experience corresponds to 6.6 years of
experience. Robust standard errors are reported in parentheses.
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Experience gap in agent accept rates, adjusting for total usage I estimate regressions
following

Accept Rate; = f;Work Experience; + o Total Usage; + J,(;) + €;

for user i, where 6.(i) corresponds to fixed effects for characteristics c. Table A5 reports
the results of these regressions.

Table A5: Work experience and agent accept rates, adjusting for total usage.

Relative Accept Rate x100
(D) (2) (3) 4)

Work Experience () 5.96 5.82 5.85 4.85
(0.20) (0.20) (0.20) (0.23)

Total Usage (o) 1.60 1.53 1.48 1.54
(0.17) (0.17) (0.17) (0.17)
Constant 100.00
(0.20)
R2? 0.021 0.023 0.023 0.026
Within R? 0.019 0.019 0.011
Observations 44,160 44,160 44,160 44,160
Role FE v v v
Sector FE v v
Seniority FE v

Notes — This table reports results of regressions of agent accept rates on work experience and
total usage. The second column adds role fixed effects, the third adds sector fixed effects, and
the fourth adds seniority fixed effects. One standard deviation in work experience corresponds to
6.6 years of experience. One standard deviation in total usage corresponds to 76.6 messages per
week. Robust standard errors are reported in parentheses.
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Autocompletion accept rates I match the organization user sample to 40,533 users
with at least one accepted autocompletion from the week of July 7, 2025. Figure A6
reports autocompletion accept rates by user characteristics.

Figure A6: Autocompletion accept rates by user characteristics.

Relative Accept Rate by Role Relative Accept Rate by Sector
Software 4 Consulting & Professional Services e
Data/ML —e— Consumer & Retail ——e—
Business/Operations ——e— Software & Developer Tools —e—
Product — Finance & Fintech ——t
Sales —_—— Healthcare & Life Sciences —_—
Design —_—— Logistics & Platforms —
Marketing -t - — t X Media & Advertising — +——@&—— ; ) . )
0.80 0.85 0.90 0.95 1.00 0.96 0.98 1.00 102 1.04 1.06
Relative accept rate Relative accept rate
Relative Accept Rate by Seniority Relative Accept Rate by Work Experience
Junior —o— 110
12
| R
Senior —eo—i 5 105 I
f
Executive/Founder — & 100 I I
p {
Staff/Principal —e—i £ 095 ) I
[T}
. 2 t
Management ) . : . . . 090 —, . ‘ . . ‘ . ‘
0900 0925 0950 0975 1000 1025 3 6 9 12 15 18 21 24
Relative accept rate Years of experience

Notes — This figure plots autocompletion accept rates across role, sector, seniority, and decile of
work experience. Error bars report 95% confidence intervals for group means.
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Additional dynamic difference-in-differences plots Figure A7 reports dynamic difference-
in-differences estimates for the additional outcome variables.

Figure A7: Estimated effects of the agent feature on additional outcomes.

Lines Edited Bugfix Rate (%)
60000 5 100 :
x : g 75 :
£ 40000 3 T :
Z S 50 ! :
B ) 25 i ®
= 20000 % - é
g ‘l E 00 --®-- ®1i-F1 -tt1-t11- -1 141~ -
5 0T 1 1 Z 25 !
Agent released
-20000 =+ Agent made default -50 :
-4 0 4 8 12 16 20 24 28 -4 0 4 8 12 16 20 24 28
Weeks relative to release Weeks relative to release

Notes — This figure plots dynamic difference-in-differences estimates of lines edited and bugfix
rates among organizations eligible for the agent feature. The estimates follow the specification in
Equation (1). Vertical lines denote the weeks of the release date and default date of the agent
feature. Standard errors are clustered by organization.

48



Balance table Table A8 is a balance table for the difference-in-differences specification.

Table A8: 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
Organizations 24 8

Notes — This table reports pre-agent release means of the main outcome measures for the eligible
and baseline groups. The eligible group contains organizations that adopted the Cursor platform
before the sample period began in October 2024. The baseline group contains organizations 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 A9 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 A9: Outcomes surrounding the agent feature release.

(a) Output (larger outcomes indicate higher output).
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(b) Quality (smaller outcomes indicate lower rates of short-run issues).
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(c) Scope (larger outcomes proxy for larger-scoped merges).
Lines Edited / Merge Files Touched / Merge
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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
organizations in the eligible and baseline groups. Vertical lines denote the release date and
default date of the agent feature.
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Outcome table Table A10 reports means of the output and quality measures across

release periods and organization groups.

Table A10: Mean outcomes across groups and periods.

Period Group Merges Lines Edited (K) Revert Rate (%) Bugfix Rate (%)

Pre Release Eligible 271.7 50.5 1.07 10.4
Baseline 264.3 47.7 0.87 10.0

Post Release (Full) Eligible 322.7 62.4 0.92 9.3
Baseline 245.2 44.8 0.79 10.3

Post Release & Pre Default  Eligible 262.1 48.1 0.99 10.0
Baseline 224.5 41.8 0.85 9.9

Post Release & Post Default 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 A11 reports estimates from the main difference-in-differences specifi-
cation. Inference uses the wild cluster bootstrap-t (Cameron et al., 2008), clustered by
organization and implemented via the fwildclusterboot package (Fischer and Rood-
man, 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 re-
ported. The original ¢-statistic from clustering by organization is also reported. There
are 24 eligible organizations and 8 baseline organizations.

Table A11: Results from bootstrap inference.

(a) Post-release (full) versus pre-release.

Outcome Estimate p-value CILow CIHigh 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-default versus pre-release.

Outcome Estimate p-value CILow CIHigh 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.
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Merge scope Table A12 reports the results of regressions following
Y;; = a; + a; + By x Eligible; x Post Release; + B, x Eligible; x Post Default; 4 ¢;; (5)

These regressions present subperiod analyses that divide the post-release period into a
pre-default and post-default 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-release period.

Table Al2a does not find evidence of changes in lines edited per merge or files
touched per merge. Table A12b 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 organi-
zations produced more merges of both types. Changes are computed by dividing each
Bl by pre-release means. When scope is defined by lines edited, eligible organizations
produced small merges 12% more often and large merges 10% more often. When scope
is defined by files touched, eligible organizations produced small merges 10% more often
and large merges 12% more often.

In the default period, eligible organizations produced more merges of both types.
Changes are computed by dividing each ; 4 j, by pre-release means. When scope is
defined by lines edited, eligible organizations produced small merges 33% more often
and large merges 45% more often. When scope is defined by files touched, eligible
organizations produced small merges 39% more often and large merges 38% more often.
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Table A12: 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

@® (2) 3 G ®) (6)
Eligible x Post 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 x Post Default 74.52 21.14 -0.02 -2.12 10.48 0.22
(23.37) (6.63) (0.15) (0.75) (12.48) (0.26)
R? 0.87 0.83 0.27 0.53 0.50 0.50
Within R? 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
Organization FE v v v v v v
Time FE v v v v v v

(b) Estimates from subperiod specification across merge scope subsamples.

Merges
Small (Lines) Large (Lines) Small (Files) Large (Files)
(D (2) (3 @
Eligible x Post Release 16.84 13.38 14.95 15.22
(8.46) (9.99) (8.30) (10.64)
Eligible x Post Default 27.82 46.31 41.70 32.82
(9.06) (15.79) (15.37) (10.22)
R? 0.88 0.86 0.86 0.87
Within R? 0.03 0.04 0.03 0.04
Observations 1,088 1,088 1,088 1,088
Organization FE v v v v
Time FE v v v v

Notes — These tables report difference-in-differences estimates of outcomes among organizations
eligible for the agent feature. The estimates follow the specification in Equation (5). 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 organization are reported in parentheses.
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Effects by organization subsamples Table A13 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
organizations are ranked by pre-release means of each outcome, and then split along
the median. The results indicate that eligible organizations with higher pre-release
revert rates had no higher increases in merges after the agent was released than eligible
organizations with lower pre-release revert rates.
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Table A13: Subsample analysis by pre-release merge characteristics.

(a) Post-release (full) versus pre-release.

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
(@) 2) 3) @ 5) (6) )] (8)

Eligible x Post 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)
R? 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
Organization FE v v v v v v v v
Time FE v v v v v v v v
Pre-release mean merges: 101.29  442.17 122.60  420.86 261.50 28196 320.29  223.17
Percent change: 44.9% 21.4% 51.2% 18.4% 28.3% 23.5% 22.5% 30.6%

(b) Post-default versus pre-release.

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
(@] (2) 3) 4 5) (6) 7 (8)

Eligible x Post Default 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)
R? 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
Organization FE v v v v v v v v
Time FE v v v v v v v v
Pre-release 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
organizations 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 (2).
Standard errors clustered by organization are reported in parentheses.
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Message intent frequency by work experience and usage Table A14 reports estimates
of the relationship between message intent frequency, work experience, and usage.

Table A14: Message intent by experience and usage

Implement Plan Explain Code Explain Error Other

(D (2) 3) 4 (5)

Work Experience (¢) -0.60 1.58 -0.87 -0.22 0.11
(0.61) (0.40) (0.35) (0.24) (0.09)

Total Messages (o) 1.81 -1.23 -1.07 0.60 -0.11
(0.48) (0.30) (0.27) (0.24) (0.08)

Constant 58.91 15.02 13.20 11.23 1.64
(0.58) (0.37) (0.34) (0.27) (0.10)

R? 0.01 0.03 0.02 0.01 0.00
Observations 1,000 1,000 1,000 1,000 1,000

Notes — This table reports regression estimates of message intent frequency on work experience
and usage. One standard deviation in work experience corresponds to 8.4 years of experience.
One standard deviation in total messages corresponds to 83.3 conversation-starting messages
over the two-month sample period. Robust standard errors are reported in parentheses.
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Message intent and agent accept rates How do agent accept rates relate to message
intent styles? I relate initial message intent frequency to accept rates at the user level.
I use the relative agent accept rate from the week of July 7, 2025, during which edit
outcome data is available. This match yields a sample of 685 users, with a slight increase
in the standard deviation of work experience from 8.4 to 8.6. Although the intent
rate and accept rate samples are temporally disjoint, there are no institutional details
that would suggest large distribution shifts in the one week in between the samples.
Table A15a shows that users who send more planning messages to start conversations
also have higher agent accept rates. Table A15b shows that both work experience and

plan rates are positively associated with agent accept rates.
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Table A15: Planning rates and accept rates.

(a) Accept rate by initial message intent rate.

Relative Accept Rate x100
(1 2 ©)) 4 (5)

Implement Rate (0) -1.95
(1.27)
Plan Rate (0) 4.35
(1.24)
Explain Code/Codebase Rate () -1.45
(1.42)
Explain Error Rate (¢0) -0.49
(1.22)
Other Rate (0) 1.96
(1.48)
Constant 100.00 100.00 100.00 100.00 100.00
(1.31) (1.30) (1.31) (1.31) (1.31D)
R? 0.003 0.016 0.002 0.000 0.003
Observations 685 685 685 685 685

(b) Accept rate by plan rate and work experience.

Relative Accept Rate x100
D 2 3

Work Experience (0) 7.89 7.40
(1.17) (1.19)
Plan Rate (0) 4.35 3.21
(1.249) (1.29)
Constant 100.00 100.00 100.00
(1.27) (@1.300 @1.27)
R? 0.053 0.016  0.062
Observations 685 685 685

Notes — These tables report the results of cross-sectional regressions of accept rates on initial
message intent rates. The standard deviations of the implement, plan, explain code/codebase,
explain error, and other intent rates are 18.6, 11.8, 11.1, 8.5, and 2.6, respectively. One standard
deviation in work experience corresponds to 8.6 years of experience. Robust standard errors are
reported in parentheses.
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