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A Methods

A.1 Experimental Methodology
Our experimental design was preregistered at the AEA RCT Registry (AEARCTR-0010882); see Sec-
tion A.3 for a list of our (predominantly very minor) deviations from the preregistration protocol.

Participants We recruit participants on Prolific, an online survey platform widely used in social 
science research (21). We screen participants on their self-reported occupation and pref-erentially 
recruit those with college degrees and in fulltime employment.

Recruitment Screened-in participants are invited to complete a study involving two 20-30 minute 
writing tasks designed to resemble tasks performed by people in their occupation, as well as an online 
signup task. They are informed that the survey will take about an hour and they will be paid $10 for 
completing it, plus up to $14 in bonus payments, with the average respondent earning $8 in bonus pay-
ments. The expected earnings of $18 for an hour of work substantially exceeds the Prolific standard of
$12/hour. Participants are told the survey is part of a study conducted by MIT researchers investigating 
the determinants of productivity on writing tasks.

Main data collection ran from the 27th of January to the 21st of February. The survey was mainly 
active between 5pm and 12am EST, when ChatGPT signups were almost always up, ensuring a 92%
successful signup rate. About 8% of treated participants nevertheless experienced idiosyncratic tech-
nical difficulties that prevented them from signing up.

Survey Structure The full questionnaires of all surveys are available in Section B, and Figure S.1 
visualizes the survey flow. Survey respondents are asked for their consent, then given a comprehensive 
set of instructions for the writing tasks. They are required to correctly answer two comprehension ques-
tions about the instructions and respondents who fail the comprehension checks twice (in accordance 
with Prolific’s requirements) are screened out.

Respondents answer a short list of questions about their demographic characteristics, skills, and 
awareness and usage of different technologies (including ChatGPT). They then complete the first task 
and are asked followup questions about how much time they spent, their job satisfaction and self-
efficacy, and the realism of the task.

Subsequently, they complete the signup task (signing up for ChatGPT or Overleaf, depending on 
which group they are in, and submitting screenshots as proof). Respondents in the treatment group 
are asked to enter several sample prompts into ChatGPT and submit screenshots of the output. The 
sample prompts are designed to communicate ChatGPT’s range of capabilities: one involves pasting 
in a prompt for a professional writing task, another involves reprompting ChatGPT to expand on or 
rephrase its output, a third involves varying the wording of a prompt, and a fourth involves pasting in 
several paragraphs and asking ChatGPT to summarize them.

Respondents then complete the second task, answering more followup questions, including three 
questions about their beliefs about automation. Afterwards, all respondents (both treatment and con-
trol) are asked whether they used ChatGPT on the second task; if they did, they are asked a battery of 
followup questions about how they used it. The survey then ends.

The Tasks Each occupation has two associated tasks, and respondents see the two tasks in a random 
order. We designed the tasks to imitate real tasks in these occupations, based on conversations with
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people in the occupations and pilot surveys on Prolific. The full list and text of the tasks is available
in Section B.6. Briefly, the marketers in our experiment write a press release about a hypothetical
product; grantwriters write a cover letter for a grant application; managers and HR professionals write
a long company-wide email on a sensitive topic; data analysts write an analysis plan in code-notebook
format; and consultants write a short report based on three provided sources. Each task is designed to
take 20-30 minutes and involve writing about 400 words.

After respondents complete the first task, we ask them if this task realistically imitates tasks that
people in their occupation do, on a scale from “very unrealistic” to “very realistic.” The results are
plotted in Figure S.6: 85% of respondents report the tasks are “realistic” or “very realistic,” 10% say
“neutral”, and 5% report “unrealistic” or “very unrealistic.” We also ask whether they have completed
a similar task before in their job; 68% say yes.

Incentive Arms At the beginning of the survey, respondents are randomized into three incentive
arms. All respondents know each of their essays will be graded on a 1-7 point scale by an experienced
professional in their occupation. In the “linear incentives” group (40% of respondents), participants
receive a bonus $1 for each point they receive on each essay (up to $14 total). In the “convex” group
(40% of respondents), they receive the linear payment plus a $3 payment for each time they score a
6 or 7. In the “exact time” group (20% of respondents), respondents receive the linear payment and
are forced to spend exactly 15 minutes on the task: respondents cannot voluntarily click onto the next
page: instead, the page auto-advances after 15 minutes.1 We emphasize to these respondents that we
will be monitoring their essay text box throughout the 15 minutes and will not approve bonus payments
to respondents we judge to be noncompliant (for example, because they are idle for several minutes at
a time). Respondents are consequently highly compliant with the 15-minutes instructions according
to our objective measures of time active on the task, as shown in Figure S.8.

We cross-randomize incentive schemes for a few reasons. First, any single incentive scheme we
chose would have been somewhat arbitrary and non-organic, so we wanted to show robustness across
multiple different incentive schemes. Second, each arm serves a specific purpose. The baseline linear
incentive scheme is easy to understand and induces high effort (the 7-point grading scale was chosen so
that we could pay $1 per point, taking advantage of left-digit bias while remaining within our budget).
The convex arm lets us see what happens to ChatGPT usage when there is a special emphasis on
producing very high-quality output. Finally, the exact-time arm lets us hold effort fixed between the
treatment and control groups, allowing us to interpret any difference in grades as an effect of ChatGPT
on productive capacity. We chose 15 minutes so that respondents were somewhat constrained and
because we expected compliance with the time requirement to decline substantially with longer time
periods (e.g., 25 minutes).

Effort turns out to be not much higher in the convex incentives group than the linear group, sug-
gesting that the linear incentive scheme already elicits maximum feasible effort.

The Retry Arm 30% of treatment group respondents go through one final step before the end of
the survey. They are re-shown the first task prompt and the essay they wrote, and told that they have
the option to edit or replace their output, and may use ChatGPT to do so if they wish. If they do,
they will be paid based on the grade received by their edited/replaced output instead of their original
essay. Respondents are forced to spend at least 2 minutes on this page (as a nudge away from clicking
through impatiently to the end of the survey), but are free to do whatever they want. This arm was

1In this group the payments are linear for each point received above 1, which lets us subtract a base $2 from the payment
since this group spends much less time on the survey on average.
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added about halfway through data collection, based on a suggestion we received, and all subsequent
treatment group respondents in the linear and convex incentive arms are in this arm.2

2Thanks to Lucas Barros for suggesting this arm.
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Figure S.1: Experimental Design

Instructions, consent, attention check, demographics, skill rank

Task 1
Occupation-specific writing task, randomized task A or B first

Linear Incentive Arm Convex Incentive Arm Exact Time Incentive Arm

Base Incentive + $3 for 6 or 7 + 15 active minutes

Realism, self-efficacy, time spent
Post-Task 1 Questions

Sign up for account, do prompts
No additional instructions

Overleaf Sign-Up (Control)
Sign up for account, do prompts
Told may use ChatGPT on task 2

ChatGPT Sign-Up (Treatment)

Task 2
Occupation-specific writing task

Self-efficacy, automation, time spent, ChatGPT usage, other tool usage
Post-Task 2 Questions

Used ChatGPTNot Used ChatGPT

How used, how useful, WTP
ChatGPT Usage QuestionsTreatment Only:

Why not used ChatGPT

End of Survey

14-Day Followup
ChatGPT usage in job, job tasks, why/why not use ChatGPT

Onboarding

May retry task 1 with ChatGPT + follow-up Qs
Some Treatment Participants: Retry Arm
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Grading We recruit graders on Prolific as well, imposing stricter screening criteria. We require
graders to have done a task similar to the experimental tasks in their job in the past year. We also
prioritize graders who have greater occupational tenure and higher wages. Graders have an average
occupational tenure of 14.5 years (IQR [5, 21]). Figure S.2 shows the distribution of grader salaries.
We exclude participants in our main survey. Graders complete a grading survey lasting around 1.5
hours; they see both the first prompt and second prompt corresponding to their occupation-specific
task, and grade both the first task and second task for up to 7 respondents.3 To aid in grading, they are
provided with two examples per prompt, one example of a high grade and one of a low grade. Graders
are paid a base rate of $16 and may receive bonuses of up to $8. They are told that their bonuses will
depend on how correlated their grades are with those of other graders seeing the same essays, as well
as two randomly selected essays that we may double-check.
At the grader by participant observation level, the grader characteristics are similar in the treatment
and control groups. The distribution of salaries is plotted in Figure S.3. In the control group, the mean
years of tenure is 14.5, SD 11.28. In the treatment group, the mean years of tenure is 14.93, SD 11.53.

Bonus Payments: Planned and Actual We instructed evaluators to do their best to give the me-
dian essay a score of 4 out of 7, and told respondents that they should expect to receive $8 of bonus
payments on average (4 per essay; respondents in the convex group knew they could get an extra $3
per essay on top of this). For each participant, we randomly picked one of the participant’s evaluators
and used that evaluator’s grades for the participant’s bonus payments. This resulted in an average ac-
tual bonus payment of $8.7 including convex bonuses, and an average total payment of $18.3 (recall
that respondents in the linear and convex conditions receive a $10 base payment and respondents in
the exact-time condition receive an $8 base payment). With an average survey completion time of 65
minutes, this comes out to a roughly $17/hour average rate, substantially above the Prolific standard
of $12/hour.

Followup Surveys We launch the two-week and two-month followup surveys on Prolific and use
custom allowlists so that only employed participants in the original survey can see the followup surveys.
The connection between the followup surveys and original survey is obfuscated as much as possible:
participants just see the survey as one of the many surveys they are eligible to participate in on their
standard Prolific homescreen, they do not know there is a custom allowlist governing who can see the
survey, and we launch the two-week followup survey under a different account name than the main
survey.

In the case of the two-week survey, we add respondents to the allowlist on a rolling basis as soon
as two weeks have passed since they completed the main survey. (Since this was done manually,
sometimes the delay is a bit longer than two weeks). The two-week survey is open for about a month
after the main survey finishes collecting responses, but the vast majority of responses to the two-week
survey come in soon after respondents become eligible to complete it. In the case of the two-month
survey, we invite everyone who completed the main survey, starting on the 19th of April and closing
the survey on the 29th of April.

As one sidenote, note that the obfuscation of the two-week followup survey lets us verify that
respondents were accurately reporting their occupation in the original screeners. This is an obfuscated
followup weeks later that asks about what kind of writing tasks you do in “your job,” and the answers
match up perfectly with the occupation we record from our screening surveys weeks earlier.

3Some graders see 7 human responses. Some graders see 6 responses, plus a “raw” ChatGPT output to each prompt. A
small subset of graders see fewer than 6 responses. The pay does not differ by number of responses
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A.2 Analysis Details
Sample Restrictions If a participant somehow completes the main survey multiple times, we keep
only their first response. If a participant completes one of the grading surveys after doing the task,
we drop all grades they gave. Similarly, if a participant does the task after grading, we drop them
from the task sample. (We did our best to manage the invite lists on the Prolific surveys so that task
participants did not see the grading surveys and vice versa, but since this required periodic manual
updates of allowlists, some people slipped through the cracks).

A few of our evaluators clearly do not pay attention in the grading survey. In an attempt to objec-
tively screen out such evaluators, we drop every evaluator who has a correlation of <0.1 between their
grades and the grades of other evaluators who see the same essays as them. This drops 23 of our 148
evaluators. We view this as a reasonable main specification. However, this turns out not to matter at
all for our results—the results look quantitatively very similar if we don’t do this—as we show in the
Robustness Checks.

Our main figures in the paper use only the linear and convex incentive schemes. Separate figures
in these Supplementary Materials report results for the exact-time group. The job satisfaction, self-
efficacy, and beliefs about automation results use all participants.

Regression Specifications We have two main regression specifications, one for when the outcome
is evaluator grades (since there we have multiple grade observations per task participant), and one for
when the outcome is anything else.

First, consider regressions where the outcome variable is a non-grade outcome. Here we use a
participant-level dataset; let i denote participants. Let ∆yi denote the difference between the post-
treatment outcome and the pre-treatment outcome for participant i. Then the regression is

∆yi = β0 + β1Di + θocc(i) × αfirst(i) + πinc(i) + εi (S.1)

whereDi is a dummy for the tasker being treated, θocc(i) are occupation fixed effects, αfirst(i) is a dummy
for which of the two occupation-specific tasks the respondent saw first, πinc(i) are incentive scheme
fixed effects, and εi is the error term. We use robust standard errors.

Second, consider regressions where the outcome is evaluator grades. Let i denote a participant
completing the task and let j denote an evaluator. Note that when an evaluator sees a participant’s pre-
treatment task, the evaluator also sees that participant’s post-treatment task later in the same grading
survey (though is not told that both essays were produced by the same person). An observation in
this dataset is hence a participant-evaluator pair. Define ∆yij as the difference between the grade that
evaluator j gave to participant i’s post-treatment task and the grade that evaluator j gave to participant
i’s pre-treatment task. The regression equation is

∆yij = β0 + β1Di + γj + θocc(i) × αfirst(i) + πinc(i) + ηij (S.2)

where in addition to the variables above, γj are evaluator fixed effects and ηij is the error term. Here
we cluster standard errors at the participant level.

Standardization of Regression Coefficients Our main figures report regression coefficients stan-
dardized to be expressed in standard deviations of the outcome variable. To do this, we take the regres-
sion coefficient and standard error from the regression equations described above, and divide both by
the standard deviation of the outcome variable yi in the pre-treatment period.
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Inequality Results As explained in the figure note, these figures are created from a dataset at the
participant-evaluator level, and the dots and lines plot raw slopes. The printed coefficients, meanwhile,
come from a regression of the form

yij = β0 + β1xij + β2Di + β3(Di × xij) + γj + νij (S.3)

where y is the y-axis variable and x is the x-axis variable from the plots. We cluster at the participant
level. As usual, Di is a treatment dummy and γj are grader fixed effects. The “control slope” printed
in the plot is β1 and the “difference in slopes” is β3.

A.3 Deviations from Preregistration and Mistakes
A.3.1 Deviations from Preregistration

Here we describe aspects of data collection that were amended from the preregistered protocols or were
not described in those protocols.

Sample Size We preregistered a sample size of 600 based on rough budgeting projections, but ended
up spending substantially more than expected on screening and grading, meaning we adjusted down
and ultimately ran out of money at 450 responses.

Randomization Procedure For our first 189 responses, participants were randomized into incentive-
arm groups using a Qualtrics function that generates a random integer between 1 and 10. We assigned
respondents with an integer 1-4 to the linear group, 5-8 to convex, and 9-10 to exact-time. However, we
noticed this was not exactly achieving the desired 40/40/20 proportions even as our sample size grew—
at 189 responses, we had 90 linear, 69 convex, and 30 exact responses. It turns out the Qualtrics random
integer generator does not seem to sample uniformly (see e.g. here or here) despite Qualtrics claiming
it is a Mersenne Twister which should sample uniformly. Following this, we changed the procedure to
use Qualtrics’s “randomly present element” feature and changed allocations to 36% linear, 42% convex,
22% exact to achieve the ultimately desired 40/40/20 split. Adding fixed effects for before/after this
change does not quantitatively affect our results at all.

Data Analyst Instructions and Screening After collecting our first 20 data analyst responses, we
noticed that there was a lot of variance in the structure of responses, and a couple of respondents wrote
in open-text feedback that they don’t analyze data in their job and mainly clean and build datasets.
Following this, we tightened our data analyst screening procedure to screen out analysts who did not
tick “writing code to analyze data” as one of the main things they do in their job, and added some extra
instructions to the task to clarify what the output format should look like. In the Robustness Checks
section we report results excluding data analysts.

Dropping Bad Faith Responses We manually drop responses where the respondent clearly did not
exert effort on the first task (e.g., left it blank, only wrote 1-2 sentences). We did not explicitly prereg-
ister this. All our manual dropping decisions can be inspected in our uploaded data and code.
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Employment Status After collecting 204 responses, we realized that Prolific’s employment-status
metadata on respondents is not very reliable (it is missing for many respondents), so we added a ques-
tion about employment status to the main survey and launched a retroactive survey asking for employ-
ment status, inviting the respondents who had already completed our survey. The response rate to this
retroactive survey is 96% so we are only missing employment data for a few responses.

Editing Essays to Remove Identifying Information We manually edited some essay responses to
remove potentially real names respondents used in signing off the hypothetical emails.

Added Question For respondents in the treatment group who didn’t use ChatGPT, we added a ques-
tion asking why, midway through response collection.

Added Retry Arm We added the retry arm (where, at the very end of the survey, treated respondents
are given the opportunity to replace or edit their first-task essay using ChatGPT) about halfway through
data collection; a colleague suggested this arm to us after an internal presentation of initial survey
results.

Added Extra Signup Prompt Midway through data collection, we added a fourth prompt to the
ChatGPT signup page, instructing participants that rewording prompts to ChatGPT may affect its out-
put. This was done to address concerns that individuals were simply pasting our prompt because they
did not know that changing the wording of the prompt would affect its output. We added a fourth
prompt to the Overleaf signup page as well.

Dropping Uncorrelated Graders Our grading scheme was a rough draft in the preregistration; we
mentioned checking how correlated graders are with each other, and as one assessment method sug-
gested dropping graders uncorrelated with everyone else. We ended up doing this in our main analyses,
but it doesn’t make a difference to our results anyways as is shown in the Robustness Checks.

A.3.2 Mistakes

Copywriters to Grant Writing Task We realized after data collection that we had been assigning
people who self-designated their occupation as “copywriters” to the grant writing task, despite intend-
ing to assign them to the marketing task (which would be more suitable). This affects only 2% of
our respondents, dropping them from the dataset does not affect our results, and 50% of them have
nevertheless completed tasks similar to the grant writing task in their job before.

Mistakes in Working Paper Version The working paper versions of this paper, the first of which
was released on March 2 2023, had two mistakes that were caught pre-publication.

• The “time taken” histogram in theMarch 2 version of the paper wasmiscoded (wewere assigning
responses to histogram bins using weak inequalities on both ends of the bins, so responses on
the boundaries were coded as belonging to two bins, and the columns hence clearly added up to
more than 100%). This was caught by a reader of the paper and fixed between the March 2 and
March 10 versions of the working paper.
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• The “how did the respondent use ChatGPT” variable was miscoded in both the March 2 and
March 10 versions of the working paper; we messed up the mapping from Qualtrics’s numerical
answer codes to the answers respondents saw. (Because, when you add new options to a multi-
choice question in Qualtrics and then change the order of the answers, the answers keep their
original numeric codes despite being in a different order now.) This mistake led to us overstating
the percentage of respondents who said they submitted ChatGPT’s output without editing, and
understating the percentage of respondents who said they submitted after editing. We caught
this mistake while preparing the replication package before publication.

Between the working paper and published version we also added some data and tweaked the analysis
in various small ways.

B Materials

B.1 Task Screener Survey
B.1.1 Welcome
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B.1.2 Occupation

B.1.3 Data Analyst Follow-Up (Data analysts only)
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B.1.4 Consent (Screened-in occupations only)

B.1.5 Invite (Screened-in occupations only)

B.2 Task Survey
The pages shown below are for managers. For other occupations, all instances of “manager” are re-
placed by that occupation, and the tasks are replaced by occupation-specific tasks. For the full list of
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tasks, see section B.6.

B.2.1 Consent (Exact time arm)
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B.2.2 Consent (Linear arm)
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B.2.3 Instructions (Exact time arm)
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The correct answers are “These tasks are designed to mimic real tasks for people in my occupation,
and I should treat them as if they were part of my work” and “”I will be paid $1 for each point I receive
on each of my writing tasks, up to $12 total.”

B.2.4 Instructions (Linear arm)
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The correct answers are “These tasks are designed to mimic real tasks for people in my occupation,
and I should treat them as if they were part of my work” and “”I will be paid $1 for each point I receive
on each of my writing tasks, up to $14 total.”

B.2.5 Attention Warning (If wrong answer)

Participants are then redirected back to the Instructions page and given a second chance to answer.
If they answer incorrectly a second time, they are not allowed to continue the survey.

B.2.6 Demographics
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B.2.7 Skill Rank
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B.2.8 Task Instructions (Linear and convex arms)

B.2.9 Task Instructions Continued (Exact time arm)
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B.2.10 Task

The exact time arm then sees the following:
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The linear arm then sees the following:
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The convex arm sees the same as the linear arm, but with the added line “If you receive a score of
6 or 7, you will receive an additional bonus payment of $3.” prior to “Please write here.”

B.2.11 Time Spent on Task 1
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B.2.12 Efficacy Following Task 1

B.2.13 Realism
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B.2.14 Sign-Up (Control)
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B.2.15 Sign-Up (Treatment)
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B.2.16 Further Instructions (Treatment Only)

B.2.17 Task 2 Begins
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B.2.18 Task 2 Additional Instructions (Treatment Only)

B.2.19 Task 2
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Identical to Task 1, there are minor deviations to this page dependent on the incentive arm.

B.2.20 Time Spent on Task 2
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B.2.21 Efficacy on Task 2

B.2.22 Automation
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B.2.23 ChatGPT Use

B.2.24 Why Not ChatGPT (If treatment and did not use ChatGPT)
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B.2.25 Why ChatGPT (If used ChatGPT)
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B.2.26 Willingness to Pay (If used ChatGPT)

B.2.27 Other Tool Use

34



B.2.28 Retry Intro (If retry arm — treatment + linear/convex arms only)
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B.2.29 Retry Instructions (If retry arm, linear arm)

The convex arm sees the same as the linear arm, but with the added line “If you receive a score of
6 or 7, you will receive an additional bonus payment of $3.” prior to “Please write here.”
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B.2.30 Action (If retry arm)

B.2.31 ChatGPT Replace (If replaced)

B.2.32 ChatGPT Edit (If edited)
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B.2.33 Why used ChatGPT (If used ChatGPT to replace or edit)

B.2.34 Why not use ChatGPT (If did not use ChatGPT to replace or edit)

B.2.35 Why not edit or replace (If did not replace or edit)

B.2.36 Completion
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B.3 Grading Screener
B.3.1 Welcome
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B.3.2 Occupation

Only those who are in our occupations of interest proceed.

40



B.3.3 Demographics

The completed education question is only included for those who were not education pre-screened
on Prolific.
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B.3.4 Task Experience

Participants are invited for certain if they work more than 20 hours a week, have an annual salary
of at least $60,000, and have done the task at least once in the past year.

Participants are may be invited if they are within the occupation but do not fulfill the criteria.
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B.3.5 Consent (Certain Invite)
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B.3.6 Consent (Maybe Invite)

B.3.7 End (Certain Invite)
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B.3.8 End (Maybe Invite)

B.4 Grading Survey
This survey is for managers. For other occupations, all instances of “manager” are changed to that
occupation. There are other occupation-specific deviations that will be noted below.
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B.4.1 Consent
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B.4.2 Attention

The correct answers are

B.4.3 Retry (Incorrect Attention)
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B.4.4 Task 1 Prompt

Task comprehension questions for other occupations are available in section B.6.

48



B.4.5 Task 1 Experience

B.4.6 Grading Instructions
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B.4.7 Task 1 Example 1

Task examples for other occupations are available in section B.6.
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B.4.8 Task 1 Example 2
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B.4.9 Task 1 Grading Page

The grading page is repeated for each prompt.
All task 1 pages are repeated for task 2.
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B.4.10 Finish

B.5 14-Day Followup Survey
B.5.1 Welcome

B.5.2 Satisfy
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B.5.3 Writing

B.5.4 ChatGPT

B.5.5 Why Not Use ChatGPT Followup (If not use)

B.5.6 Why Not Use ChatGPT Followup (If not use)
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B.5.7 How Use ChatGPT (If use)

B.6 Tasks
The following are tasks, task comprehension questions, and task examples, sorted by occupation.
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B.6.1 Manager Task A

Correct answers to the first question are “Privacy preferences” and ”Uncomfortable headsets”.
Correct answers to the second question are “Encourage employees to begin using headsets,” ”Ex-

plain why the company thinks it’s important for employees to be using the virtual office space,” and
“Address employee concerns.”
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B.6.2 Manager Task B

Correct answers to the first question are “Slows down decision-making” and “Creates jealousy and
disharmony among the company’s employees”.

Correct answers to the second question are “Explain the rationale for the change,” “Address the
concerns of employees who might now be facing demotion,” and “Announce that the company will be
shifting to a flatter organizational structure.”
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B.6.3 HR Professional Task A

The example and comprehension questions are the same as for managers.
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B.6.4 HR Professional Task B

The example and comprehension questions are the same as for managers.
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B.6.5 Data Analyst Task A
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Correct answers to the first question are “Write a ’code notebook’ (without code) to determine
which customers should be targeted to reduce churn.”

Correct answers to the second question are “Balance” and “Estimated Salary.”
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B.6.6 Data Analyst Task B

Correct answers to the first question are “Write a ’code notebook’ (without code) to determine
which customers should be targeted in a push notification campaign.”

Correct answers to the second question are “UPC codes of items ordered” and “Gender.”
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B.6.7 Marketer Task A
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Correct answers to the first question are “Existing bicycle users,” “People who currently commute
by walking,” and “People who currently commute by car.”

Correct answers to the second question are “Up to 60 hours of battery life,” “Ability to be sum-
moned from where it is parked,” “Advanced obstacle navigation, speed control, and braking systems,”
and “Turn signals.”
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B.6.8 Marketer Task B

Correct answers to the first question are “Recreational usage” and “Enhancing productivity at
work.”

Correct answers to the second question are “Make the glasses seem cool and trendy,” and “Call
back to the GameSet.”
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B.6.9 Consultant Task A

Correct answers to the first question are “Starbucks Corporation,” “Yum! Brands Inc,” and “Mc-
Donald’s.”
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Correct answers to the second question are “Advise on the potential benefits and risks of expanding
operations to China.”
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B.6.10 Consultant Task B

Correct answers to the first question are “Differentiating them into fat andmuscles cells,” “Growing
cell cultures,” and “Creating structured cell-based meat products.”

Correct answers to the second question are “Advise on the potential benefits and risks of making
an investment in R&D for cultured meat production.”
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B.6.11 Grant Writer Task A

Correct
answers to the first question are “Exercise machines augmented with virtual-reality headsets.”

Correct answers to the second question are “Communicate why a virtual-reality gym is preferable
to a normal gym” and “Explain why a community-provided gym is necessary even though there are
already private gyms in the area.”
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B.6.12 Grant Writer Task B

Correct answers to the first question are “Guidance on how to solve problems” and “On-demand
help for students.”

Correct answers to the second question are “Why AI tutoring is preferable to hiring in-person tutors
or teacher aides” and “Why AI tutors are necessary.”

80



81



C Supplementary Text
In this section we report supplementary analysis extending our main results, as well as a battery of
tests and alternative specifications that ensure our main results are robust.

C.1 Treatment-on-Treated Effects
Our experiment does not feature “perfect compliance:” it is not the case that 0% of control participants
and 100% of treated participants use ChatGPT on the second task. Instead, 10-20% of control partici-
pants and 80% of treated participants do. In the main paper, we report “intent-to-treat” effects that do
not adjust for imperfect compliance, in part for simplicity and in part because we think of “treatment”
as being given the option to use ChatGPT rather than being forced to use ChatGPT (so we want to fac-
tor imperfect compliance in the treatment group into our estimates). Here, we also report results that
adjust for imperfect compliance: we estimate the effects of using ChatGPT on our four main outcomes
(time, grades, job satisfaction, and self-efficacy), instrumenting for ChatGPT usage with treatment
assignment. Formally, we estimate our normal regression equation

∆yi = β0 + β1D
GPT
i + θocc(i) × αfirst(i) + πinc(i) + εi (S.4)

by 2SLS, where the dummyDGPT
i denotes using ChatGPT and we instrument for it with the treatment

dummy Di, and analogously for the regression equation when grades are the outcome. We report the
results in tables S.1 and S.2.

C.2 Task Structure and Skill Demand
Task Structure ChatGPT substantially changes the structure of writing tasks. Figure S.4 Panel A
shows that prior to the treatment, participants spend about 25% of their time brainstorming, 50% writ-
ing a rough draft, and 25% editing. Post-treatment, the share of time spent writing a rough draft falls
by more than half and the share of time spent editing more than doubles.

Skill Demand If ChatGPT is especially helpful to those with weak writing and communication skills,
it could have major labor market implications. This could expand the available occupational choices
and possibly raise the earnings of individuals that have strong idea-generation skills but struggle to
effectively communicate those ideas in writing. We perform several tests of this hypothesis. Two mea-
sures of a person’s relative writing skills are constructed. First, at the beginning of the experiment, we
asked participants to rank (from 1 to 3) their skills at communication (writing and speaking), problem
solving, and creativity. The first column of Figure S.4 Panel (b) divides people by whether they ranked
their writing skill first, second, or third. Second, in addition to assigning overall grades, evaluators sep-
arately assessed each piece of output based on writing quality, content quality, and originality; the gap
between a person’s first-task overall score and their writing score affords another measure. The second
column of Figure S.4 Panel (b) divides people by whether their writing score exceeded, equalled, or
fell under their overall score.

Similarly, we construct two measures of the individual-level benefits of ChatGPT. First, at the end
of the experiment, we asked treatment-group participants how much they would be willing to pay on
a monthly basis to access ChatGPT in their jobs. This is the y-axis variable in the first row of Figure
S.4 Panel (b). Second, we measure how much each treatment participant’s grade increased from the
first to the second task. This is the y-axis variable in the second row of Figure S.4 Panel (b).
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We find no clear evidence for the aforementioned hypothesis. Figure S.4 Panel B shows that av-
erage willingness to pay for ChatGPT is flat across the terciles of both our measures of writing skill:
respondents, regardless of their writing skills, are willing to pay about 0.5% of their monthly salary
for a monthly subscription to ChatGPT. Grade gains from ChatGPT are also roughly flat across both
measures of relative writing skills: people with comparatively poor writing skills do not experience
unusually large grade gains.

However, this analysis has important limitations. Mainly, it is not clear how meaningful the self-
reported skill rankings are, and the two different skill measures (self-reported writing skill and writing-
overall grade gap) are not correlated with each other. The willingness-to-pay variable and change in
grades are also quite noisy as outcome variables, so these analyses are not very well-powered.

C.3 Job Satisfaction and Self-Efficacy
Access to ChatGPT could affect job satisfaction in our experiment. For example, it could make partic-
ipants happier by automating tedious or annoying components of the task or allowing them to finish
tasks more quickly. Alternatively, it could make the experience less enjoyable by quickly automating
the most enjoyable parts of the task. It could similarly either boost self-efficacy by giving participants
access to a complex and powerful tool that enhances their capabilities, or lower it by making partici-
pants feel superfluous. We measure job satisfaction with a question, after each task, about how much
participants enjoyed the task, and self-efficacy with a question about how skilled/effective they felt
while completing the task, both on 1-10 Likert scales.

Results on job satisfaction and self-efficacy are depicted in Figure 3 in the main text. ChatGPT
substantially increases job satisfaction, by about 0.50 standard deviations (p < 0.001). It mildly and
imprecisely increases self-efficacy, by 0.20 standard deviations (p = 0.05), despite the fact that partic-
ipants are mostly using it to substitute for their own effort. However, the self-efficacy result is not
robust (see Robustness Checks section). Moreover, the self-efficacy measure we use is pretty limited
and much less rich than more complex measures popular in the self-efficacy literature.

Qualitative feedback from participants (in an open-text box at the end of the survey) suggested that
many enjoyed discovering and working with this tool.

C.4 Self-Reported and Objective Measure of ChatGPT Usage and Post-Usage
Editing

Big Pasting Events We want an objective measure of whether people used ChatGPT in the con-
trol group or on the pre-treatment task, to supplement our self-reported measure. We define a “big
pasting event” as an instance where at least 100 words are modified in the respondent’s text box in a
single minute, within the first 15 minutes of the task. Our objective measure of ChatGPT usage is the
occurrence of a big pasting event, and we define the time of ChatGPT usage as the first occurrence
of a big pasting event in the first 15 minutes of activity. Several pieces of evidence corroborate our
interpretation of “big pasting events” as indicative of ChatGPT usage.

• On the pre-treatment task, such an event occurs 0 times for 363 of the respondents, once for 83
respondents, twice for 6 respondents, and thrice for 1 respondent. It hence seems to be an event
that happens rarely without explicit ChatGPT usage instructions and, when it happens, happens
only once.
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• Among respondents who self-reported using ChatGPT on the first task, 63% experience a big
pasting event on the first task, compared to 16% of those who did not report this.

ChatGPT Usage Pre-Treatment and in the Control Group After the second task, we ask all re-
spondents whether they used ChatGPT on the second task. Respondents who answer “yes” are asked
whether they also used it on the first task. Respondents are informed there are absolutely no conse-
quences for reporting ChatGPT usage on either task and encouraged to answer honestly.

In the control group, 9% of respondents self-report using ChatGPT on the second task. This may
be an underestimate because control respondents may be afraid to report usage despite our assurances.
A more accurate self-reported measure might be the percentage of treatment group respondents who
admit to having used ChatGPT on the first task (as, now that they have been explicitly allowed to use
ChatGPT, the stigma associated with ChatGPT usage should be gone). Here, the self-reported usage
rate on the first task is 12%.

As for our objective measure, 20% of control group respondents experience a big pasting event on
the first task, which we view as an approximate upper bound on ChatGPT usage in the group (since
this measure is a noisy proxy for ChatGPT usage).

Post-Pasting Activity We can get a rough sense of how much treatment respondents edit ChatGPT’s
output by looking at how long they are active after they paste in the ChatGPT output, and at how many
words they modify. 54% of treated participants who report using ChatGPT had a unique “big-paste”
event; we restrict analysis to these respondents.

One might worry that this restriction selects for respondents who submitted ChatGPT’s response
without editing, hence understating the total amount of editing that goes on in the treatment group. But
in fact, this restriction overwhelmingly selects respondents who say they did edit ChatGPT’s output
before submitting it. Specifically: we can separate the treatment group who used ChatGPT into three
groups: those who say they submitted ChatGPT’s output without editing (58 people), those who say
they took ChatGPT’s output and edited it (92 people), and those who reported doing something else,
such as brainstorming with ChatGPT (23 people). This restriction selects 40% of the first group, 67%
of the second group, and 35% of the last group, so actually positively selects for people who say they
edited.

Hence we can safely restrict to these respondents. These respondents were active (modified >3
words in a given minute) for only 2.6 minutes on average post-paste, compared to 16 minutes total. If
we restrict to respondents who reported editing ChatGPT’s output, this number is 3.3 minutes.

We can also get a sense of “how much” they modified ChatGPT’s output by computing the edit
distance between their ChatGPT-pasted output and their final submission. This distance equals the
minimum number of words that need to be added, subtracted, or modified to get from the ChatGPT-
pasted output to the final output.4 Among respondents who reported editing ChatGPT’s output, on
average the Levenshtein distance is 30% of their final word count.

Examples of Changes to ChatGPT Output Below are three examples of how participants edited
ChatGPT output. The percentage shown is the Levenshtein distance as a percentage of the final word
count. Example 2 is representative of the typical kinds of edits made.

4We ignore case changes, punctuation changes, or line changes. Changes in word spelling/typos are counted as word
changes. We drop observations where individuals paste ChatGPT output twice, since we cannot tell if they are iterating.
We also drop a handful of observations where we believe the participant pasted ChatGPT output again a second time, but
whose second paste is under 100 words.
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Example 1 (9.5% Edit)

Subject: Let’s Reconnect with Our Virtual Office Space
Dear WorkCo employees,
I hope this email finds you well. As you know, WorkCo has recently invested in a virtual
office space, which was created to allow us to connect and collaborate as a team while
working from home. With the aim of fostering casual conversations, fun office culture,
and a sense of connection, the company has provided each of you with a virtual-reality
headset that allows you to access the this virtual office space.
However, we have noticed that not many employees are using their headsets to access the
virtual office. After investigating, we discovered that some employees find the headset
slightly uncomfortable and while some prefer the privacy of working alone. We under-
stand your concerns, and we are here to address them.
We want to remind you of the importance of using the virtual office space. The virtual
space is designed to recreate the collaborative office environment that we all miss, and we
believe that this is crucial for fostering innovation and motivation. It also helps us to stay
connected with each other and maintain a sense of unity as a team.
We understand that the headsets may not be the most comfortable, but please be assured
that we are working onmaking necessary improvements to enhance your experience. Also,
please keep in mind that the virtual office is a space where you can work together with
your colleagues and have casual conversations, just as you would in a physical office. It is
a space where we can collaborate and learn from each other, which will ultimately benefit
the company as a whole.
We urge you to give the virtual office a try and use your headset to connect with your
colleagues. If you encounter any technical difficulties, please reach out to the IT support
team, who will be happy to help you.
In conclusion, we encourage you to embrace the virtual office space and use it as a tool to
enhance your collaboration, productivity, and motivation. Your participation in the virtual
office is important to make it a success, and we look forward to seeing you there soon.
Thank you for your attention.
Best regards,
[Name] HR Professional, WorkCo

Example 2 (28%)

Dear AccureCo Employees,
I hope this email finds you well.! I am writing today to share some exciting news about
our company. As many of you are aware, Sarah Davidson has recently taken over as
CEO and she has been working hard to chart a new direction for AccureCo. One of the
key initiatives she is working on is to reorganize our internal hierarchy to make it more
effective and efficient.
We believe that tThe current structure has become too vertically hierarchical and is slowing
down decision-making and creating disharmony among employees. By sStreamlining our
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management tiers, we hope to improve collaboration and speed up the decision-making
process, ultimately leading to better results for the company and its employees.
I understand that this change may raise concerns for some of our employees, particularly
those who may face demotion. Please know that this decision was not taken lightly and
was made with the best interests of the company and its employees in mind. Please rRest
assured that the details of the change are still being worked out and everyone affected will
be given the necessary support and resources during this transition. Lets make sure to
support our team members and one change details have been formed, we will address any
concerns you felt have been left open ended
We are confident tThat this new structure will bring benefits to most employees, includ-
ing increased opportunities for growth, enhanced collaboration, and a more inclusive and
equal workplace. This is an exciting time for AccureCo and I can’t wait to see the positive
impact that these changes will bring. We are confident in this change!
As always, Tthank you for your dedication and hard work. If you have any questions or
concerns, please do not hesitate to reach out to HR or your manager.
Best regards,
[Your Name]
Senior Manager, AccureCo

Example 3 (82% edit)

Dear Colleagues,
We hope you are enjoying your week Remote working has become normal for most of us,
and it is something most, if not all, of us enjoy. In order to As we all continue to work
from home, it is important that we maintain wok relationships and a sense of community
and collaboration within our company, we would like to encourage you to use the virtual-
reality headset we recently sent. This easily . With this in mind, we recently provided
each of you with a virtual-reality headset that allows you to connect to our virtual office
space.
While we understand that the new technology may seem a bit uncomfortable at first and
that you may prefer the privacy of working alone at homemost of you enjoy privacy and
being comfortable in your own home evenwhileworking, it is crucialvital that wemaintain
these parts of community within our company to optimize our efficiency and overall work
performance. make the most of our virtual office space. This space will allow us to
communicate, collaborate, and even unwind. While working remotely, you will find the
coworker relationships and sense of a work community within this work space, which can
be vital when keeping you focused on work tasks, seeking help from others, or simply
just avoiding the ’alone’ on an island work feelingprovides us with an opportunity to feel
connected, to have casual conversations, and to create a fun office culture - all of which
are essential to collaboration, innovation, and motivation.
In order to make the virtual office more attractive and effective, we need your participation.
By simply logging into the virtual office and using your headset for a few hours a day, you
can make a significant impact on our overall work culture. Plus, we are always looking
for ways to improve the technology, so if you have any feedback on the headset’s comfort,
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please let us know. You can think of this space like a break room or these sessions like
coffee breaks. Just by a few hours a day, you can significantly impact your overall work
culture along with overall company culture and community. We will all benefit from
collaboration, innovation, and motivation.
We understand that some of you may be hesitant to use the virtual office, and that is okay.
However, we encourage you to give it a try and see how it can benefit you and your
colleagues. We believe that by working together in this virtual space, we can continue to
build a strong community and achieve great things as a team. We ask that you give this a
try for at least a week and let us know honest feedback. If you find you are having issues
with the software, headset itself, or have other concerns to voice about this space, please
let us know. We are eager to understand how you feel but also how we can best tackle
work unity and community even while working remotely.
Thank you for your taking the time, to read this email., and we all We look forward to
seeing you in the virtual office.
Best regards,
[Your Name] HR Professional, WorkCo.

C.5 Comparison to Pure ChatGPT Output
We ask graders to grade pure ChatGPT output, as produced by us. We begin with a blank chat, di-
rectly paste in the full prompt, and take multiple versions of the output (either through the “Regenerate
response” option or by re-pasting the prompt), to get some variance so that graders are not literally
seeing identical essays. For the consulting task, we paste in the full text of each document as well. In
most grading sessions, graders see two ChatGPT responses produced by us, of their total 14 essays.
(We introduced this format partway through the study, so some grading sessions have no pure Chat-
GPT responses, and a few grading sessions have multiple pure ChatGPT responses.) Table S.3 shows
summary statistics on pure ChatGPT grades.

On average, the pure ChatGPT responses have slightly higher grades than that of the humans using
ChatGPT due to worse performance in the data analyst, grant writer, and marketer occupations. As
shown in Figure S.5, this is driven by individuals who are using ChatGPT and modifying the output
to be worse. Qualitatively, most edits are minor (see Examples of Changes to ChatGPT Output in C.4
Self-Reported and Objective Measures of ChatGPT Usage); some appear to introduce errors, such as
typos or grammatical mistakes, and flow less well than the original output.

C.6 Other Descriptive Figures
Task Realism Figure S.6 plots answers to a question we asked on the pre-treatment task about how
realistically the task imitates real tasks performed by people in the respondent’s occupation, on a 1-5
point scale. It also reports the percentage of respondents who said they had completed a similar task
before in their job.

Task Compliance: Time Spent and Word Counts Figures S.7-S.9 check that our participants are
complying with task instructions and not, for example, spending a lot of time off-task. We separate
respondents in the linear/convex incentive groups from respondents in the exact-time group, who are
required to spend exactly 15 minutes on each task page.
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We plot 3 measures of time spent on the tasks: self-reported time, Qualtrics’s record of how long the 
respondent spent on the task page, and the number of minutes “active,” where a respondent is defined 
to be active in a given minute if they modify at least 3 words in the text box. Minutes active can be 
less than total self-reported time because respondents are taking time to read the prompt, because they 
are spending time brainstorming (literally) outside of the box, or because they are overreporting their 
time taken and are in fact off-task for some of the time they’re on the page.

We also plot word counts on the tasks, both distributions of final wordcounts and the evolution of 
wordcounts in the treatment and control groups before and after treatment.

Cross-Evaluator Reliability Figure S.10 plots the average correlation between the grades of differ-
ent evaluators seeing the same essay. See figure note for calculation details. This figure plots the 
results after we drop graders who are completely uncorrelated (correlation < 0.1) with other graders 
seeing the same essays, which is what we do for our main results (see associated robustness check 
below). Figure S.17 plots the correlation including the bad graders.

How People Use ChatGPT Figure S.11 plots people’s responses to a question we asked, after the 
post-treatment task, of everyone (in both treatment and control groups) who reported using ChatGPT 
on the second task. We asked how they used ChatGPT and gave a list of options; note people can select 
multiple options, and this figure plots the percentage of users who ticked each option.

Results for Exact-Time Group The figures in the main text use the linear and convex incentive 
groups, which constitute 80% of respondents. The remaining 20% of respondents are required to 
spend exactly 15 minutes on each task, holding effort fixed. The treatment effects for their grades and 
wordcounts are presented in Figure S.12. Note that due to the small sample size in this arm, there is an 
imbalance in pre-treatment outcomes: average grades are different between treatment and control. As 
long as we assume that the treatment and control groups would have experienced identical trends in 
grades between Task 1 and Task 2 in the absence of treatment (i.e., the difference-in-differences iden-
tifying assumption), the estimates in this figure should still reflect the causal effects of the treatment.

Results for Other Grade Categories In addition to overall grades, our evaluators give each essay a 
separate grade for writing quality, content quality, and originality. Figure S.13 plots treatment effects 
for these separate grades.

Alternative Versions of Inequality Figures In the main text Figure 2, we report binned scatterplots 
of Task-2 grades on Task-1 grades, and Task-2 time on Task-1 time. For completeness, we report the 
analogous pairs in Figure S.14: Task-2 time on Task-1 time, and Task-2 grades on Task-1 time.

C.7 Robustness Checks
Selective Attrition Treatment respondents are slightly less likely to complete the survey than con-
trol respondents, resulting in a small treatment-control imbalance in terms of employment status and 
occupational composition. Note firstly that given that we control for Task-1 outcomes, attrition would 
need to be selective on trends to distort our results, which seems implausible. Nevertheless, in Figure 
S.15 we directly test whether our results are robust to selective attrition, in two ways: we report our 
main results controlling for the imbalanced characteristics, and we report Lee bounds (24) on our 
main results.
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GradeResults, NotDropping “Bad”Graders In ourmain results, we drop evaluators whose grades
are completely uncorrelated (correlation <0.1) with the grades of other evaluators seeing the same
essays, as a proxy for evaluators who aren’t paying attention or taking the task seriously. This turns
out not to really matter for our results: we report our main grade results (treatment effect on grades, and
grade inequality), as well as the inter-grader reliability, when we do not drop bad graders, in Figures
S.16 and S.17.

Main Results, Restricting to Experienced Taskers 68% of our respondents said, after the pre-
treatment task, that they had completed similar tasks in their real job before. In Figure S.18 we replicate
our main results restricting to these respondents.

Main Results, ExcludingManagers Our most common occupation was managers, who constituted
around 40% of our sample. In Figure S.19 we replicate our main results excluding managers.

Main Results, Excluding Data Analysts We adjusted the data analyst task midway through data
collection for reasons described in Section A.3 and some of the early data analyst task submissions are
of dubious quality. In Figure S.20 we replicate our main results excluding data analysts.

Objective TimeMeasure In Figure S.21 we replicate our treatment effects on time, using our objec-
tive measure of “time active” (number of minutes in which the respondent added or modified at least
3 words) instead of the self-reported time measure used in our main analyses.

D Supplementary Figures

D.1 Methods: Grader Characteristics

Figure S.2: Grader salary distribution
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Figure S.3: Grader salary distribution by group

D.2 Additional Results

Figure S.5: Grade Distributions

Note: This figure shows the distribution of grades across different groups. “Control” is all control group responses,
“Treatment” is all treatment group responses, “Used ChatGPT” is all responses that used ChatGPT, “ChatGPT, Edit” is all
responses that used ChatGPT and edited its output, “ChatGPT, Submit+” is all responses that used ChatGPT and stated
that they directly submitted ChatGPT output (but may have selected other options), “ChatGPT, Submit” is all responses
that only selected that they directly submitted ChatGPT output, and “Researcher ChatGPT” is the ChatGPT responses we
produced. The blue distributions are the distribution of grades in the pre-treatment period, and the orange distributions are
the distribution of grades in the post-treatment period. The mean grade in each distribution is shown with a white dot with
95% confidence interval error bars.
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Figure S.4: Effects on Task Structure and Skill Demand

(a) Effects on Task Structure
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(b) No Clear Heterogeneity in Benefits of ChatGPT by Relative Writing Skills
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Note: Panel (A) shows self-reported time allocation on three separate task components, separately in the treatment and control group on the
post-treatment task. Panel (B) shows that ChatGPT does not have greater benefits for treated respondents whose writing skills are poor relative to their
other skills. Specifically, in the left-hand column, respondents are sorted by their self-assessed skill rankings: at the start of the survey, they rank their
communication, problem-solving, and creativity skills. Those who rank communication 1st are defined as “Good” communicators, similarly for those
who rank it 2nd and 3rd. In the right column, participants are sorted according to their grades: evaluators give each essay a separate overall, writing
quality, content quality, and originality score. We define people as “Good” communicators if their average writing score exceeds their overall score,
(about 30% of respondents), “Medium” if the two are equal (50%), and “Bad” if overall exceeds writing (20%). In the top row, the outcome is how
much the participant is willing to pay to access ChatGPT in their job (elicited hypothetically). In the bottom row, the outcome is the participant’s grade
gain between the first and second task (everywhere we restrict to treated participants). Flat slopes within each of the
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Figure S.6: Task Realism Scores

68% have completed similar task in real job
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Note: After the first task, participants are asked to rate how realistically the task imitates real tasks performed by people
in their occupation, on a 1-5 scale. This is the histogram of responses to that question. Additionally, participants are asked
if they have performed a similar task in their job before; 68% say yes.
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Figure S.7: Task Compliance (Linear+Convex Incentive Groups, First Task)

(a) Distribution of Time Taken (3 Measures)
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Note: This figure shows that respondents (in the “linear” and “convex” incentive groups) comply with our instructions
and spend significant time and effort completing the first task. Panel (a) shows the distribution of time taken according to
3 measures: participants’ self-reports of their total time spent, their time spent on the survey page, and “minutes active.”
The final measure is calculated by counting the number of minutes in which the respondent adds or modifies at least 3
words in the task text box. Minutes active can be less than total self-reported time because respondents are taking time to
read the prompt, because they are spending time brainstorming (literally) outside of the box, or because they are
overreporting their time taken and are in fact off-task for some of the time they’re on the page. Panel (b) shows the
distribution of final word counts on the first task.
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Figure S.8: Task Compliance (Exact-Time Group, First Task)

(a) Distribution of Time Taken (Objective “Time Active” Measure)
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Note: This figure shows that respondents (in the “exact time” group, who are required to spend exactly 15 minutes on the
task) comply with our instructions and spend around 15 minutes completing the first task. Panel (a) shows the distribution
of time taken according to our objective “minutes active” measure, which is calculated by counting the number of
minutes in which the respondent adds or modifies at least 3 words in the task text box. Minutes active can be less than
total self-reported time because respondents are taking time to read the prompt, because they are spending time
brainstorming (literally) outside of the box, or because they are overreporting their time taken and are in fact inactive for
some of the time they’re on the page. Panel (b) shows the distribution of final word counts on the first task.
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Figure S.9: Word Count Evolution in Treatment vs Control (Linear+Convex Arms)
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(b) Post-Treatment
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Note: This figure uses our snapshots of the respondent’s essay box each minute to plot mean word counts in the treatment
versus control groups, before and after treatment, on the tasks. We restrict to the linear and convex incentive arms and
include already-submitted essays at each minute (i.e., when a respondent submits their essay, their word count stays at its
final value in every subsequent minute).
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Figure S.10: Within-Essay Cross-Evaluator Grade Correlation

Slope: .438 (SE .018)
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Note: This graph displays a binned scatterplot of the cross-grader within-essay grade correlation in our dataset.
Specifically, we create a dataset where an observation is a unique grader1-grader2-essay pair, and then regress
grader1score on grader2score. This plot represents the correlation after dropping graders who are totally uncorrelated
with other graders seeing the same essays, defined as a correlation with those other graders of <0.1. The corresponding
version of this slope when not dropping those graders is 0.34.
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Figure S.11: How People Use ChatGPT
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Note: Respondents who report using ChatGPT on the second task (both treatment and control group) are asked how they
used it from a set of options. They can tick multiple. This figure shows how many respondents selected each option.
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Figure S.12: Grade and Wordcount Effects for Exact-Time Group

(a) Average Grades (Exact-Time Group)

2

3

4

5

M
ea

n 
G

ra
de

Pre-Treatment Post-Treatment

Treated
Control

(b) Average Word Counts (Exact-Time Group)
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Note: This figure shows average grades and average word counts, before and after treatment, separately by treatment and
control in our “exact time” group (where participants are required to spend exactly 15 minutes on each task). There is
almost zero selective attrition in this incentive arm so we think the pre-treatment outcome imbalance is just due to random
chance (the number of observations in this incentive arm is only 94). Our estimates will still identify the causal effects of
ChatGPT under the standard difference-in-differences assumption of parallel trends in the absence of treatment, which we
think is plausible.
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Figure S.13: Grade Effects for Subgrades

(a) Writing Quality Grades (Linear+Convex Groups)
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(b) Content Quality Grades (Linear+Convex Groups)
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(c) Originality/Creativity Grades (Linear+Convex
Groups)
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Note: This figure shows mean subgrades for “writing quality,” “content quality,” and “originality/creativity”, before and
after treatment, separately by treatment and control in our linear and convex incentive groups. Evaluators separately give
an overall grade and subgrades for writing quality, content quality, and originality.
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Figure S.14: Alternative Versions of Inequality Figures

(a) Grade 2 on Time 1
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(b) Time 2 on Time 1
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Note: This figure complements Figure 2 by giving the other two cells in the 2x2 quadrant of [grade 2, time 2] on [grade 1,
time 1] separately by treatment and control. “1” and “2” denote pre-treatment and post-treatment tasks, respectively.
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D.3 Robustness Checks

Figure S.15: Robustness of Main Results to Selective Attrition
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Note: This figure shows robustness of our main treatment effects to two corrections for selective attrition: Lee bounds 
(24), and controlling for employment status (the only variable that exhibits a significant treatment-control difference in 
our balance tests; our main estimates already control for occupation fixed effects). Error bars are 95% CIs. The main 
coefficients correspond to the ones printed in Panels A and B of Figure 1 and Panels A and B of Figure 3; they are 
slightly different in this figure because, to simplify the implementation of Lee bounds, we estimate them at the 
participant level (overall grade is averaged across all graders) with no controls (as opposed to at the participant-grader 
level with grader fixed effects and occupation/incentive-arm fixed effects).
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Figure S.16: Grade Results, Not Excluding Bad Graders

(a) Main Treatment Effect on Grades

Treatment Effect:     0.38 SDs
                95% CI:  [0.2, 0.56]

3.6

4

4.4

4.8

5.2

M
ea

n 
G

ra
de

Pre-Treatment Post-Treatment

Treated
Control

(b) Inequality Graph
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Note: This figure replicates our main grading results without excluding “bad” graders (graders whose grades have a
correlation <0.1 with the grades of other graders seeing the same essays, whom we drop from our main analyses.
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Figure S.17: Within-Essay Cross-Evaluator Grade Correlation, Not Excluding Bad Graders

Slope: .336 (SE .017)
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Note: This replicates Figure S.10, but without dropping “bad” graders first.
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Figure S.18: Main Results for Experienced Taskers

(a) Grade Effects
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(c) Inequality

Control Slope:   0.383
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95% CI on Change: [-0.119, -0.455]
2

3

4

5

6

G
ra

de
: T

as
k 

2

1 2 3 4 5 6 7
Grade: Task 1

Control Treatment

Note: This figure replicates our main treatment effects, restricting to people who said after the pre-treatment task that they
had completed similar tasks in their real job before.
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Figure S.19: Main Results Excluding Managers

(a) Grade Effects
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(c) Inequality

Control Slope:   0.38

Change in Slope:   -0.176

95% CI on Change: [0.008, -0.36]

2

3

4

5

G
ra

de
: T

as
k 

2

1 2 3 4 5 6 7
Grade: Task 1

Control Treatment

Note: This figure replicates our main treatment effects, restricting to people who said after the pre-treatment task that they
had completed similar tasks in their real job before.
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Figure S.20: Main Results Excluding Data Analysts

(a) Grade Effects
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(c) Inequality
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Note: This figure replicates our main treatment effects, restricting to people who said after the pre-treatment task that they
had completed similar tasks in their real job before.
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Figure S.21: Robustness of Time Results to Objective “Time Active” Measure

(a) Time Active (Linear+Convex Groups)
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Note: This figure shows “time active” (number of minutes in which at least 3 words in the text box are added or
modified), before and after treatment, separately by treatment and control in our linear and convex incentive groups.

E Supplementary Tables

Table S.1: IV Versions of Main Treatment Effects I

(1) (2) (3) (4)
Time (OLS) Time (IV) Grades (OLS) Grades (IV)

Treatment -10.842*** -16.507*** 0.651*** 0.949***
(1.382) (1.986) (0.145) (0.185)

Nb. obs 346 346 1,135 1,135
Standard errors in parentheses
* p<0.1, ** p<0.05, *** p<0.01
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Table S.2: IV Versions of Main Treatment Effects II

(1) (2) (3) (4)
Job Satisfaction (OLS) Job Satisfaction (IV) Self-Efficacy (OLS) Self-Efficacy (IV)

Treatment 1.164*** 1.928*** 0.409** 0.805***
(0.211) (0.297) (0.204) (0.280)

Nb. obs 449 449 449 449
Standard errors in parentheses
* p<0.1, ** p<0.05, *** p<0.01

Table S.3: Pure ChatGPT Grades

Occupation # Unique Essays # Grades Mean Grade SD Grade # Unique Graders Mean Human Grade

HR professional 6 39 4.41 1.90 11 5.00
Consultant 10 51 4.73 1.43 19 4.81
Data analyst 10 60 4.85 1.44 19 4.14
Grant writer 9 58 4.47 1.29 20 4.36
Manager 24 154 4.95 1.55 45 5.00
Marketer 8 46 5.78 1.23 11 5.13
Total 67 408 4.88 1.53 122 4.76

Note: For each occupation, the table shows the number of unique ChatGPT essays that were graded, the number of
grades that were given, the mean grade, the standard deviation of grades, the number of unique graders, and the mean
human grade. The mean human grade is defined as the mean grade of individuals in the treatment group who stated
they used ChatGPT in the second task.
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