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Abstract. Generative Al (GenAl) is transforming the way people work by increasing productivity and changing workflows. Yet,
little is known about the optimal way to use it in order to balance both productivity and the psychological experience of work (i.e.,
control, responsibility, and creativity). We examined different strategies, which we call GenAl collaboration strategies, and their
associated productivity benefits and psychological costs. In two pre-registered experiments (N = 1,299), we examined two common
uses of GenAl, using it to draft versus edit. First, using GenAl, relative to not using it, improved productivity but degraded control,
responsibility, and creativity. Second, we identified the optimal GenAl collaboration strategy: using GenAl to edit. Productivity
was similar between collaboration strategies, but using GenAl to draft further hurt people’s psychological experience of work. Yet,
the majority of people chose the suboptimal strategy, including a sample of teachers creating lesson plans for a class. GenAl is a
powerful tool to increase productivity, but it is not without costs. Thus, it is not enough for organizations to provide employees with

GenAlI how people use GenAl has implications for their psychology.
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Introduction

The rapid advancement of generative artificial intelligence (GenAl) has the potential to change work and
productivity in virtually all economic sectors. The promise of innovation through GenAl is in automating a
broad variety of tasks, tasks that technology could not do a few years ago. In fact, GenAl and automation are
expected to displace 92 million jobs and create 170 million new jobs by 2030 (World Economic Forum 2025)).
Employees are using GenAl tools that leverage Large Language Models (LLMs), such as ChatGPT, Claude,
and Gemini, to help with writing and editing (creating reports and proposals), programming (generating code

or debugging), design and content creation (producing visual design and branding), customer support, and



Cost of GenAl Collaboration Strategies

data analysis. Organizations are currently trying to materialize productivity gains from GenAl by creating
higher quality deliverables at a faster rate.

Understanding if GenAl impacts the productivity of work is the first step towards leveraging its benefits.
Extant research on the use of GenAl focuses on the quality (Dell’Acqua et al.|2026)) and productivity benefits
of GenAl assistance, relative to its absence (Noy and Zhang|2023}|Qian and Wexler|2024} |Brynjolfsson et al.
2025). However, in many cases, employees are no longer focused on whether or not to use GenAl but, how
they will use GenAl. In fact, the concept of AI-Human “teaming” (AI-Human collaboration) has become so
popular in organizations (Zao-Sanders|2025, |Alfaro et al.|[2026, (Gonzalez et al.|2025,|2026) that many take

the concept for granted.

GenAl Collaboration Strategies. Managers can benefit their organization by shifting their focus from
whether to adopt GenAl to how they can help their employees identify their optimal collaboration strategies.
Although there is some descriptive data about which tasks employees use GenAl (Chatterji et al.|[2025|
/ao-Sanders|2025), we know less about how they are using it within their workflow for those tasks (Cu and
Hochman|2023, |Den Houter|2024). For example, 44% of Chief Human Resources Officers do not know how
their employees currently use algorithmic tools (Den Houter| 2024, |Brecheisen|[2024)).

We examined specific strategies, which we call GenAl collaboration strategies, using GenAl to draft
initial work (GenAl Drafter) versus using GenAl to refine existing work (GenAl Editor). We examined
writing tasks, which represent the most prevalent professional application of GenAl (40% of work-related
usage, Zao-Sanders|2025, [Chatterji et al.[2025). More specifically, we examined drafting and editing as they
are the fundamental tasks of writing (Flower and Hayes|1981). While|Chen and Chan|(2024) compared two
different GenAl modalities with a control condition (not using GenAl), they did not compare the modalities
with each other. In the GenAl “ghostwriter” modality, GenAl drafted an ad copy based on instructions from
the participant. In the GenAl “sounding board” modality, GenAl provided feedback on the participant’s
draft but was not allowed to draft. We extend this work by identifying an optimal strategy and comparing
both drafting and editing with a control (no GenAl) as well as with each other. Thus, we tested: Does it

matter how people utilize GenAlI? Are there costs associated with different strategies?

Costs of GenAl Collaboration. Are there tradeoffs to collaborating with GenAl, or are such collabora-
tions purely beneficial? We take a cost-benefit perspective to the use of GenAl. While there is considerable
discussion on the potential benefits of using GenAl in the workplace (Tamkin and McCrory|2025)), we know
little about the potential costs. Past work shows that the presence (versus absence) of GenAl improves pro-
ductivity (Brynjolfsson et al.|2025, |Noy and Zhang|2023, |Qian and Wexler2024). But as organizations face
the allure of GenAlI’s productivity benefits, they simultaneously face chronically low employee engagement,
that has developed into a costly culture of “quiet quitting.“ Employees have lost so much motivation that

they disengage from their work, culminating in a broader “employee engagement slump.” This slump cost
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the global economy $10 trillion in productivity in 2025 and $438 billion in 2024 (Gallup 2025} [2026)). We
cannot understand the full impact of GenAl on employees until we examine both the potential costs and
benefits.

What are the psychological effects of GenAl on people? Might collaborating with GenAl degrade employ-
ees’ psychological experience of work? If so, organizations focused solely on the benefits of productivity
risk degrading the integrity of the entire work process. Such degradation is meaningful to organizations
even as they automate more tasks and roles; GenAl-human collaboration will remain necessary for many
jobs. First, human judgment is necessary to discern which data is most relevant to organizational goals and
problems and to determine whether the output is appropriate and relevant for those goals and problems
(Luca et al.|2016| [Logg|2022). Second, although automation may replace some jobs, it will likely create
new ones (World Economic Foruml|2025)). In these situations, the person using GenAl may be the person
bearing the responsibility of executing the final task or leading their team to do so (i.e., the lawyer who
defends the case, the teacher who teaches a class, or the judge who renders a verdict). If a teacher uses
GenAl to produce lesson plans but does not feel responsible enough for the topics to implement the plans,
this collaboration fails the teacher, the students, and the school. If a manager uses GenAl to create a plan for
a new product launch, but feels little control over that process, they may fail in leading their team to deploy
the plan. Ultimately, the company may fail to bring the product to market.

Moreover, while GenAl’s performance is currently improving on tasks such as text generation and coding,
there is still a significant gap in the quality of certain tasks completed by GenAl and human experts. (Mazeika
et al.|[2025) found that the best Al system successfully completed only 2.5% of the assignments given to
people on work project platforms (creating dashboards for data visualization, 3D product videos, and games).
In fact, despite the rise in automation since the introduction of GenAl, customer service job postings in the
U.S. have increased since the summer of 2025 (Indeed|2026)), as people are still needed to correct mistakes
made by automation and to address escalated issues. This suggests that collaboration between individuals

and GenALl is still necessary for high-quality output.

Optimal GenAl Collaboration: Psychological Experience of Work. If people are not engaged in
their jobs, GenAl is less helpful for organizational success. Indeed, recent work suggests that the presence of
GenAl (relative to the absence) decreases motivation (Wu et al.|2025)). Beyond this work, we know very little
about the costs associated with GenAl to the workflow and to the worker. Moreover, to our understanding,
there is no work examining the costs associated with specific collaboration strategies. Examining the costs
of these strategies allows research to identify an optimal strategy for using GenAl that takes into account
both productivity and the psychological experience of work. Might certain collaboration strategies benefit
workers more than others? Are certain strategies associated with greater costs?

Productivity is not the only goal of most employees, or even organizations (Danna and Griffin||1999,

Grant et al.|2007)). Even when productivity is the end goal for the organization, it is clear from decades
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of research that the psychological experience of work influences employees’ performance at their jobs.
In fact, the Job Characteristics Model shows that feelings of responsibility for work are associated with
motivation, satisfaction, and performance (Hackman and Oldhaml||1976, Humphrey et al.|[2007). Similarly,
research shows that creativity is associated with higher job performance, as rated by supervisors (Gong
et al. 2009, /Amabile and Pratt|2016)). Thus, a complete cost-benefit analysis of GenAl must account for
how collaboration strategies affect workers’ psychological experience, not just their productivity. To capture
different dimensions of the psychological experience of work, we drew from this literature and measured
feelings of control, responsibility, and creativity.

How does collaborating with GenAl influence how people see their engagement with their work? Do
certain GenAl collaboration strategies make people feel less responsible for their work, feel less control
over their work, or feel less creative? Measuring both productivity and the psychological experience of work
allowed us to test which strategy was optimal when taking both goals into account. For our main research
questions, we adopted a cost-benefit perspective to examine the use of GenAl:

Research Question 1. Is there an optimal GenAl collaboration strategy?

Examining specific strategies allowed us to measure people’s preferences for how they use GenAl. This
work is the first to our knowledge to measure people’s preferences for some of the most common uses of
GenAl, to draft versus to edit. Previous work randomly assigned people to the presence versus absence of
GenAl assistance (Brynjolfsson et al.[[2025, Noy and Zhang| 2023} (Qian and Wexler|2024) or to a particular
modality (Chen and Chan|2024)). We extended this work in Experiment 2 by capturing choice, allowing us
to evaluate whether people select the optimal GenAl collaboration strategy. Our second and third research
questions were:

Research Question 2. Do people have a preference for how to use GenAl (GenAl collaboration strategy)?

Research Question 3. Do people select the optimal GenAl collaboration strategy?

Finally, examining specific strategies also allowed us to uncover the mechanisms that unfold within the
collaboration. This extends extant work by testing what happens during these collaborations and why there is
an optimal GenAl collaboration strategy. We measured GenAl and people’s involvement in the collaboration
through their editing patterns and time spent in each stage of the workflow. Our fourth research question
was:

Research Question 4. What are the mechanics of how people collaborate with GenAl for specific GenAl

collaboration strategies?

The Present Research: Balancing the Costs and Benefits of GenAl
Does the productivity benefit from injecting GenAl into employees’ workflows come at a cost to their psycho-
logical experience of work? Are there differential costs and benefits associated with different collaboration

strategies? Across two pre-registered experiments (N = 1,299), we examined how GenAl collaboration
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strategies (using GenAl to draft versus edit) influenced people’s productivity as well as their psychological
experience of work.

To identify an optimal GenAl collaboration strategy (RQ1), we randomly assigned people to a strategy
and measured both productivity and their psychological experience of work (Experiment 1). To test whether
people selected the optimal strategy (RQ2 and RQ3), we randomly assigned people to 1) a GenAl condition in
which they chose whether GenAl would draft or edit the deliverable, or 2) to a control condition (Experiment
2).

In order to understand the dynamics of the collaboration and to unpack how each strategy influenced
productivity, we examined how much people and GenAl actively contributed to the collaboration (RQ4,
Experiments 1 & 2). We compared the magnitude of edits made by people to drafts produced by GenAl with
the magnitude of edits made by GenAl to drafts produced by people. Then, we compared the deliverables
using text distance measures.

Across both experiments, we found that simply including GenAl in one’s workflow is not enough; how
people used GenAl mattered. In Experiment 1, participants wrote podcast proposals. Counter to our pre-
registered predictions, the strategies similarly influenced productivity (and did not interact with expertise).
We examined why productivity was similar between strategies by separating quality and time. Importantly,
the strategies did have a differential effect on people’s psychological experience of work. Using GenAl to
draft degraded people’s psychological experience of work. Specifically, participants who were randomly
assigned to use GenAl to draft their work experienced less control, responsibility, and creativity. We next
tested if these results held when people were able to select their GenAl collaboration strategy.

In Experiment 2, we tested people’s GenAl collaboration strategy preferences and recruited a sample of
teachers to create a lesson plan that they could use for their jobs. We selected this sample and task in order
to increase the ecological validity of the task and to increase the likelihood that participants were motivated
to optimize for quality as well as time. This helped rule out that the preference to use GenAl as a drafter was
driven solely by the goal to save time.

We found that the majority of teachers selected to use GenAl to draft. We also found that using GenAl
improved productivity over not using GenAl, without any productivity differences between collaboration
strategies. Again, how people used GenAl influenced whether people optimized their work: using GenAl
as a drafter degraded their psychological experience of work without any added productivity benefit. Thus,
paradoxically, when given the choice, people selected the suboptimal GenAl collaboration strategy. Addi-
tionally, we examined perceptions of these strategies: people’s frustration with them, expectations about
using both the strategy and the lesson plan in the future, and reputational concerns with the strategy. Both
experiments showed that using GenAl as a drafter degraded people’s psychological experience of work

without additionally benefiting productivity, compared with using GenAl as an editor. Organizations cannot
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simply provide access to GenAl, otherwise they risk employees selecting a strategy that alienates them from
their work.

Open Science Statement. We reported all of the pre-registered sample sizes, data exclusions, manip-
ulations, and measures (Simmons et al.|2012). Pre-registrations including exclusions (Logg and Dori-
son| [2021)), materials, data, and supplemental materials are posted online at the Open Science Frame-
work: https://osf.io/eaznb/overview?view_only=0d7132aa04764803b4b2c01fe2609ab6. For
both experiments, we used ChatGPT Model 4.5. For our analyses, we used R [Version 2026.01.0+392] (R
Core Team|2025)), the Psych Package [Version 2.6.1] (Revelle2026), and the BayesFactor package [ Version
0.9.12-4.7] (Morey and Rouder[2024).

1. Experiment 1: Podcast Proposal

Is there an optimal GenAl collaboration strategy (RQ 1)? In Experiment 1, we tested whether different GenAl
collaboration strategies (using GenAl as a drafter or editor) affected people’s productivity and psychological
experience of work. This allowed us to test whether certain strategies boost productivity at a cost to the
psychological experience of work (control, responsibility, and creativity). Additionally, we tested: What are
the mechanics of specific GenAl collaboration strategies (RQ4)? To test what drives differences in quality
and total time, we measured the length of deliverables and the amount of editing (the change in length from
the initial to the final version) for each GenAl collaboration strategy. Additionally, we examined whether
topic expertise influences the effects of GenAl collaboration strategies on productivity and the psychology

of work. Although the topic expertise manipulation was successful, it did not affect our outcomes.

1.1. Method

Participants. The final sample included 601 participants (352 women; 237 men; 12 other; median age
= 37) from Prolific. Participants were compensated with $1.60 for the 8-minute survey. They had the
opportunity to receive a bonus up to $1.50, based on how third-party judges scored their deliverables. Each
deliverable (both the initial and final draft) was scored by three judges (N = 1202; who each scored three

deliverables). We used the average scores of the final draft, the average judge score, for bonus payments.

Design. We employed a 2 (Topic Expertise: High vs. Low) X 2 (GenAl Collaboration Strategy: GenAl
as Drafter vs. GenAl as Editor) between-subjects design. After rating their knowledge of topics from a list,
participants were randomly assigned to the topic they knew most about (high topic expertise) or least about

(low topic expertise) and then randomly assigned to a GenAl collaboration strategy.

Procedure and Materials. Participants were asked to write a short pitch for a new podcast. We purposely
chose a task that required persuasive communication and creativity in order to understand the costs and
benefits to people when collaborating with GenAl in a more subjective domain. Participants first read a

description of the writing task, “For this survey, please generate a short pitch (200-250 words) for a new
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podcast. Podcasts cover many topics, from news and business to entertainment and comedy to science and
technology. We want you to pitch a new podcast and describe the kinds of episodes you would include.” On
the next page, they read that they had the opportunity to receive a bonus payment based on “how participants
in a separate survey judge your pitch.” They read that these three judges would use four criteria (see Table/[T))

to score each pitch for a total possible score of eight and that the bonus depended on the average judge score.

Table 1 Evaluation criteria in Experiment 1
Criteria | Explanation
1 Persuasiveness of pitch
2 Creativity of pitch
3 Feasibility of pitch
4 Amount of interest your podcast would receive from listeners

Next, participants read a list of thirteen topics (e.g., ancient civilizations, architecture, pop culture)
and ranked them in order from those they felt the most knowledgeable about to those they felt the least
knowledgeable about. On the following page, participants read their assigned topic and read information
about how they would interact with GenAl. Participants were randomly assigned to either the topic they
reported knowing the most or the least about. They were also randomly assigned to either have GenAl draft
the pitch before they edit it or draft the pitch themselves before GenAl edits it.

In both the GenAl editor and GenAl drafter conditions, participants were shown the prompt that was
used to interact with GenAl and did not iterate with GenAl beyond this single interaction. Participants who
were assigned to use GenAl to edit were asked to draft their podcast pitch. Their topic, draft, and a prompt
to edit according to the judging criteria were sent to GenAl. Participants were shown GenAl’s edited plan
and, without further modification, submitted that as their final lesson plan for scoring. Participants who
were assigned to use GenAl to draft read GenAl’s draft. They could make as many or as few edits as they
wanted in order to produce a final pitch, which was then submitted for scoring. Participants also estimated
the average judge score that their podcast proposals would receive immediately after the initial and final
pitches. Next, they answered questions about their psychological experience of work while writing their
pitch, individual differences, and demographic information, detailed below.

Psychological Experience of Work. In order to understand if participants’ psychological experience of
work was impacted by the GenAl collaboration strategy, we measured three key dimensions of the psychology
of work: control, responsibility, and creativity. Participants answered the following: “How much control
do you feel you had over the pitch?” on a scale from 0% (No Control) to 100% (Complete Control), “How
much responsibility do you feel for your score by the judges on this pitch (versus feeling like ChatGPT is
responsible)?” on a scale from 0 (ChatGPT is 100% Responsible) to 100 (I am 100% Responsible), and
“How much creativity do you feel you used for this pitch?” on a scale from 0 (No Creativity) to 100 (All of
My Creativity).
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Controlling for Individual Differences. We also asked participants how they felt about the task and about
how much experience they had using GenAl in order to control for these factors. Participants reported their
comfort with writing (“How comfortable do you feel with writing tasks?”’), a measure of task expertise, on
a scale from 0% (Not at All Comfortable) to 100% (Very Comfortable). Participants then rated the difficulty
of the task (“How difficult was this task for you?”) on a scale from 0 (Not at All Difficult) to 100 (Very
Difficult), their experience with GenAl (“How much experience do you have using ChatGPT in general?”)
using five radio buttons from No Experience to Extensive Experience. They also answered the manipulation
check for expertise, “How knowledgeable do you feel about the topic assigned to you?” on a scale from 0
(Not at all Knowledgeable) to 100 (Very Knowledgeable).

Following data collection, each participant’s initial and final pitches were judged by a separate sample
of judges recruited from Prolific. Judges were blind to the condition used to create the proposal and scored
them from 0 to 100 on four criteria (see Table [I). For each pitch, we created the average judge score by
averaging the scores across the three judges and rescaling them to a scale from O to 8. Total time was
calculated using the time it took to complete the survey.

In both Experiment 1 and 2, we constructed a productivity measure that combines two critical dimen-
sions of work performance: quality and time. While prior research examined quality and time as separate
performance indicators (Chewl|[1988| [Martin|[2015} Noy and Zhang2023)), we combined them into a single
metric in order to capture the fundamental trade-off people face when collaborating with GenAl. Doing so
allowed us to make inferences about productivity as a single ratio.

We calculated the productivity score by dividing the average judge score on the final pitch and dividing

it by the total time:
Average Judge Score

Productivity = Total Time

Finally, we calculated the number of words in each podcast pitch and the similarity between the initial

and final versions using text similarity measures.

1.2. Analysis Strategy

We ran t-tests and regressions for all variables of interest; regressions are in the main text, t-tests are in
the Appendix [A] and all preregistered models are on OSF. Although our topic expertise manipulation was
successful, we did not find any significant interactions between expertise and GenAl collaboration strategy.
Thus, we report the OLS regressions without interactions[]] When we found non-significance between our
conditions, we report results of the Bayesian t-tests (with a .707 prior) to assess the likelihood of the null
relative to the alternative (BFp).

! Participants in the high-expertise condition rated themselves as more knowledgeable on the topic they were assigned than those
in the low-expertise condition (Mean Difference = -33.6, 1(543.27) = -16.09, p < .001; Cohen’s d = —1.38). Moreover, we did not

include knowledgeable as a covariate in our models as it was highly correlated with our Expertise manipulation (r = .55). Finally,
we included experience with GenAl as a covariate in all of our models, without an a priori hypothesis.



Cost of GenAl Collaboration Strategies

1.3. Results & Discussion

We report our findings as follows. First, we examined which GenAlI collaboration strategy was optimal for
productivity. Second, we analyzed which GenAl collaboration strategy was optimal for the psychological
experience of work. Third, we examined the mechanisms driving productivity by analyzing total time and

average judge score.

Productivity. We examined participants’ productivity, as measured by the average judge score divided by
total time (see Figure [I)). Surprisingly, we found that the collaboration strategies were similarly productive
(as were experts and non-experts). It did not matter whether GenAlI was used as a drafter (see Table [2)),
b=.08,1(595)=-1.34, p=.180; B =—.11, BFy; = 1.35) or whether the topic expertise was high (b =—-.07,
1(595)=1.57, p=.116; B =0.06, BFy; =5.12).
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Figure 1 Exp. 1: Productivity, Average Judge Score, and Total Time.

To further understand productivity, we examined its components, average judge score, and total time
separately. Table [2| shows that using GenAl as a drafter decreased total time (b = —.11, ¢(595) = -2.19,
p =.029; B =-0.09) but that the average judge score was similar between the GenAl collaboration strategies
(b =-.10, (595) = —-1.43, p =0.154; B =-0.06, BFy; = 5.25). Expertise in the topic neither influenced
average judge score (b = .01, 1(595) = 0.08, p =0.936; B8 =6.52¢ — 03, BFy; = 10.90) nor the total time
(b=.08,1(595) =1.55, p=0.123; 5 =0.12, BFy; = 3.87). Although people spent less time creating podcast
pitches when they used GenAl to draft, the time savings were not substantial enough to affect productivity,
controlling for task difficulty, comfort with writing, and experience with GenAl. To unpack this result, we

examined drivers of quality and total time in detail in the section “Unpacking Quality and Total Time.”

Psychological Experience of Work. Although the GenAl collaboration strategies were similarly pro-
ductive, the strategies produced marked differences for the psychological experience of work (see Figure [2).

Using GenAl as a drafter rather than as an editor resulted in lower feelings of control (see Table[3] b = —7.49,
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Table 2 Exp. 1: OLS Regression Predicting Productivity

Dependent variable:

Log(Productivity) Average Judge Score Log(Total Time)

) (2) 3)
Intercept —4.54** 5.86™* 6.30"**
(.14) (.18) (.13)
Expertise - High -.07 .01 .08
(.05) (.07) (.05)
GenAlI Role - Drafter .08 -.10 —.117
(.05) .07 (.05)
Comfort w/ Writing —-.003* -.001 .003*
(.001) (.002) (.001)
Task Difficulty —.004** —-.003* .003*
(.001) (.001) (.001)
Experience w/ GenAl .01 -.01 -.01
(.03) (.03) (.02)
Observations 601 601 601
R? .03 .01 .03
Adjusted R? .02 .001 .03
Residual Std. Error (df = 595) .64 .81 .60
F Statistic (df = 5; 595) 4.01* 1.10 4317

Notes. Reference categories: Low Expertise, GenAl Role - Editor (participant drafts, GenAl edits).
Both productivity and total time were log-transformed to address right skew.

*p<0.05; *p<0.01; **p<0.001

t(595) = -3.64, p < .001; B =—-0.14), responsibility (b =—-7.74, t(595) = -3.80, p < .001; 8 =—-0.14), and
creativity (b = —17.11, ¢(595) = —-8.58, p < .001; B = -0.30), controlling for comfort with writing, task
difficulty, and experience with GenAl. Using GenAl as a drafter degraded people’s psychological experience
of work without productivity benefits. Relative to using GenAl to draft, using GenAl to edit allowed people
to maintain their control, responsibility, and creativity.

Additionally, participants with higher topic expertise reported greater feelings of control overall (see
Table 3] b =5.44, t(595) = -3.64, p < .01; B=-0.14). Yet, the positive impact of topic expertise was not
strong enough to overcome the negative impact of using GenAl as a drafter on the reported feelings of

control.

Unpacking Quality and Total Time. Contrary to our pre-registered predictions, the different GenAl
collaboration strategies were similarly productive. In order to understand why, we examined quality and total

time.
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Figure 2 Exp. 1: Psychological Experience of Work

Table 3 Exp. 1: OLS Regression Predicting Psychological Experience of Work

Dependent variable:

Control  Responsibility  Creativity

)] 2) 3)
Intercept 27.89*** 7.24 15.98**
(5.54) (5.48) (5.37)
Expertise - High 5.44* 31 .55
(2.03) (2.01) 1.97)
GenAl Role - Drafter —7.49%** =7.74** -17.11"
(2.06) (2.04) (1.99)
Comfort w/ Writing 397 A5T S0
(.05) (.05) (.05)
Task Difficulty .09* 267 237
(.04) (.04) (.04)
Experience w/ GenAl 1.97 3.32% 2.02*
(1.01) (1.00) (.98)
Observations 601 601 601
R? 15 .20 28
Adjusted R? 14 19 28
Residual Std. Error (df = 595)  24.90 24.64 24.13
F Statistic (df = 5; 595) 20.67" 29.49*** 46.52%

Notes. Reference categories: Low Expertise, GenAl Editor (participant drafts, GenAl edits), *p<0.05;
*p<0.01; **p<0.001.
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Quality. One possible explanation for why the different GenAl collaboration strategies produced similar
quality deliverables is that judges were insensitive to quality differences. However, this explanation is unlikely
given that the average judge score was responsive to task difficulty (Table 2} b = —.003, #(595) = —1.99,
p <0.05; B =-0.09), suggesting that judges differentiated across pitches.

A more plausible explanation is that both strategies involved using GenAl, leading to final versions that
were similar in quality. Prior work comparing the presence versus absence of GenAl found large differences
in quality (Noy and Zhang 2023)). In our experiment, GenAl’s involvement in both collaboration strategies
dominated the final output, additionally masking differences across topic expertise.

In order to understand the contribution of GenAl relative to people, we examined the number of words
(Table |4} column 1) and editing patterns measured by changes in the number of words and text similarity
between initial and final pitches (Table |4, columns 2 and 3). Using GenAl as a drafter produced shorter
final versions compared to using GenAl as an editor, controlling for comfort with writing, task difficulty
and experience with GenAlI (Table (1), b = —17.42, 1(595) = —4.43, p < .001; B = —0.18). Furthermore,
GenAl added more words when editing than people did (Table[d(2), b = —125.75,(595) = -21.91, p < .001;
B =-0.67) and the initial and final versions were more dissimilar’l when GenAl edited (Table[d{3), b = —.22,
1(595) =-17.53, p <.001; B =-0.59).[}

When we calculated the difference in length between the initial and final deliverables, GenAl added an
average of 99 words to the drafts produced by people. In contrast, people deleted an average of 23 words from
the draft produced by GenAl. While a longer final deliverable resulted in a higher average judge score for the
sample as a whole (Table EKS), b=.01,1(592) =8.27, p <.001; B =.33), the amount of edits people made
did not meaningfully affect the average judge score in comparison to the edits made by GenAlI (Table []5),
b=.01,1(592) =-0.13, p =.894; 8 =-0.01). However, when we measured the improvement in the average
judge score from the initial to the final deliverable, people’s edits did not improve the proposal’s average
judge score as much as GenAI's edits did (Table[4), b = —.94, 1(596) =9.84, p < .001; B =0.75).

Total Time. Regardless of the workflow within the GenAl collaboration strategy, i.e., whether GenAl
entered the workflow as a drafter or editor, the contribution of GenAl seemed to dominate the final output.
Using GenAl as a drafter reduced total time, which could have been driven by a minimal amount of time
spent reviewing the GenAl draft or by limited editing of content. We addressed this in Experiment 2 by
examining the time spent on various components of the task: writing, reviewing, and editing.

Robustness Checks. We checked the robustness of our results by examining where participants may have
misinterpreted the task (for example, entering prompts rather than submitting a podcast pitch draft in the

GenAl edit condition). To do this, we removed final deliverables that were unusually short or unusually

2 A cosine difference equal to 1 means completely different texts, 0 means the same text.

3 We calculated additional measures of text similarity (Jaccard and Sorensen-Dice) and they showed the same pattern.
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Table 4 Exp. 1: OLS Regression of Text Length, Similarity, and Average Judge Score Differences

Dependent variable:
# Words A Words  Cosine Diff. A Score  Avg. Judge Score

1) 2) 3) “) )
Intercept 258.20"*  155.29** 350 1.45% 438"
(10.60) (15.46) (.03) (.26) (.25)
Expertise - High 3.03 3.12 .001 .04 -.01
(3.89) (5.67) (0D (.09) (.06)
GenAl Role - Drafter —17.42"* —125.75"* =227 —.94%* .01
(3.94) (5.74) (.01) (.10) (.06)
Comfort w/ Writing -.03 =27 .0004 -.005 -.001
(.10) (.14) (.0003) (.002) (.002)
Task Difficulty —-.18* —.45" .0000 -.01™ —-.001
(.08) (1D (.0002) (.002) (.001)
Experience w/ GenAl —-.61 -5.68" -.02* -.05 -.01
(1.93) (2.82) .01) (.05) (.03)
Total Duration —-.0001
(.0001)
# Words 01
(.001)
Self Rating .03
(.02)
Observations 601 601 601 601 601
R? .04 45 .35 15 13
Adjusted R? .03 45 .35 14 A2
Residual Std. Error 47.62 69.45 15 1.15 .76
F Statistic 4.90"* 97.64*** 64.90*** 20.41% 10.89**

Notes. Reference categories: Low Expertise, GenAl Editor (participant drafts, GenAl edits), *p<0.05;
*p<0.01; **p<0.001.

long, i.e., those in the top/bottom 2.5% of the values (excluding a total of 5% of the data). The excluded
deliverables were also checked to ascertain that the thresholds we used correctly identified misinterpretation

by the participants. This robustness check is presented in Appendix |Al Our results held with this exclusion.

Discussion. We identified the optimal GenAl collaboration strategy between using GenAl to draft versus
edit (RQ1): using GenAl to edit. Using GenAl as a drafter degraded the psychological experience of work

without productivity benefits. Counter to our predictions, neither GenAl collaboration strategy nor topic
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expertise influenced productivity. While using GenAl as a drafter decreased total time, it did not improve
quality and was not enough to improve productivity.

The asymmetrical effect of strategy on productivity and psychology raises a critical question for organi-
zations integrating GenAl into workflows: which GenAl collaboration strategy will people actually choose?
If they gravitate toward using GenAl to draft despite its psychological costs, perhaps due to perceived ease
or novelty, organizations may face long-term challenges in employee engagement and sustainable GenAl
adoption. In Experiment 2, we directly examine preferences when people choose between these collaboration
strategies.

Uncovering the mechanics of the human-GenAl collaboration (RQ4) helped explain why the collaboration
strategies produced similar levels of productivity. First, regardless of when GenAl entered the workflow (as
a drafter or editor), it added a substantial amount of text to the deliverable. Second, while people deleted
text from drafts generated by GenAl, the magnitude of these changes did not meaningfully affect the average
judge score. Consequently, although judges were responsive to the length of the deliverable, the final outputs
received similar average judge scores. Additionally, as one might expect, the improvement in quality from
the initial to the final version of the deliverable was greater when GenAl edited due to the magnitude of text
GenAl added. Moreover, higher topic expertise was associated with greater feelings of control, regardless
of the strategy. Even if there were differences between experts and non-experts in their strategy use, the
presence of GenAl itself may have dominated quality.

One alternative explanation for our results in Experiment 1 is that productivity benefits from collaboration
strategies were not different because participants were randomly assigned to a GenAl collaboration strategy
and thus were not necessarily working with the strategy that was natural or beneficial to the way they
normally work. We addressed this possibility in Experiment 2 by asking participants to select their GenAl
collaboration strategy. It is also possible that the participants in Experiment 1 tried to optimize for time
even though they were monetarily incentivized to produce a high quality deliverable. We addressed this in
Experiment 2 by recruiting a sample who could potentially use the deliverable they created in the experiment
for their job. Finally, Experiment 2 examines the mechanics of the GenAl-human collaboration by unpacking

timing for the different collaboration stages.

2. Experiment 2: Lesson Plan

The primary goals of Experiment 2 were to test for the optimal GenAl collaboration strategy (RQ1), to test
if people have preferences for their GenAl collaboration strategy (RQ2), to identify whether people select
the optimal strategy (RQ3), and to test the mechanisms of GenAl-human collaboration (RQ4). In contrast to
Experiment 1, where participants were assigned to a GenAl collaboration strategy, participants in Experiment
2 chose their strategy. Thus, examining strategy choices (rather than comparing the presence versus absence

of GenAl as in earlier work), allowed us to measure: 1) preferences for collaboration with GenAl, 2) whether
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those preferences were optimal for maximizing productivity and the psychological experience of work, and
3) the individual differences that drove these preferences. Our primary outcome measures were: choice,
productivity, and the psychological experience of work (perceived control, responsibility, and creativity).

We chose an ecologically valid task in order to motivate participants to optimize their workflow for both
quality and time. We recruited teachers, who taught grades 4 to 12, in order to create a lesson plan that they
could use in their classes. We expected that the potential to use the task for work (in addition to the monetary
incentive) would motivate participants to create a high-quality plan. In order to leverage this increased
ecological validity, we extended our psychological metrics to perceptions of the strategies and expectations
about using them for their job: frustration with the process, motivation to use the strategy they chose in the
future, the likelihood of using their lesson plan for work, and whether they had high enough reputational
concerns with the strategy to change their choice.

We compared the mechanics of the collaboration between the collaboration strategies. First, we tested the
mechanism driving the relationship between the GenAl collaboration strategy and quality by parsing time
spent on different task components within the workflow (writing, reviewing, editing). Second, we examined
the number of words as a proxy for effort. Third, we tested whether GenAl increased the number and diversity

of ideas by measuring the number of lesson objectives.

2.1. Method

The final sample included 698 participants who submitted a lesson plan (51.6% women, 46.7% men, and
1.7% other; median age = 36). We recruited teachers on Prolific for a study about creating a lesson plan.
Participants were compensated $1.50 for a ten-minute survey. As in Experiment 1, participants could receive
a bonus of up to an additional $1.50, based on the average judge score by three judges. Judges from Prolific

(N =1396) each scored three lesson plans.

Design. We employed a two-cell between-subjects experimental design (No GenAl vs. Choose GenAl
Collaboration Strategy). Participants were randomly assigned to either the control condition (n = 231;
33.1%) or the GenAl collaboration condition (n = 467; 66.9%). Those in the control condition completed
the lesson plans without GenAl assistance, providing us with a benchmark comparison. Those in the GenAl

collaboration condition selected a strategy, using GenAl as a drafter or editor.

Procedure and Materials. To qualify for the experiment, participants reported the grade level they
taught (4" through 12'”* grade). They read about the task, creating a short lesson plan for a 45-50 minute
class. They read, “We want this to be as helpful to you in the classroom as possible, so please choose a
topic/subject you would be likely to teach.” Then, as in Experiment 1, they read about the monetary incentive
based on their average judge score. They read the four criteria that judges would use (see Table [5) and the
bonus details. On the next page, they reported their grade level, their subject from a list (e.g., history, math,

science, or other), and entered their topic for the class session into an open-ended text response.
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Table 5 Evaluation criteria in Experiment 2
Criteria Explanation
Objectives Does the lesson have clear objectives and activities that match those objectives?
Content Quality | Does the lesson include key concepts and is appropriate for the grade level?
Feasibility How realistic would the lesson be to teach in an actual classroom?
Student Appeal | How engaging and inclusive the lesson would be for students.

Participants in the control condition were instructed to write their lesson plan. They did not read any
information about GenAl assistance. Participants in the GenAl collaboration condition chose between two
GenAl collaboration strategies: using GenAl to edit and using GenAl to draft.

In order to maintain a clean experimental design, we allowed participants a one-shot interaction with
GenAl and did not allow them to iterate beyond that. Participants who chose to use GenAl as an editor were
asked to draft their own lesson plan. In both of the GenAl collaboration strategy conditions, participants
read what was sent to GenAl: their draft, grade level, subject, and topic, and the prompt to GenAl which
included the judging criteria. Participants were shown GenAl’s edited plan and, without further modification,
submitted that as their final lesson plan. Participants who chose to have GenAl draft read GenAI’s draft
and made as many or as few edits as they wanted in order to produce a final plan, creating comparable
conditions. In both conditions, participants estimated the average judge score for their initial and final plans
and specified how many lesson objectives their plan had. Next, all participants answered questions about
their psychological experience of work, individual differences, intentions to utilize both the strategy and the
lesson plan beyond the experiment, and demographic information, as detailed below.

Psychological Experience of Work. Participants rated their psychological experience of work on the same
three key dimensions as Experiment 1 (Control, Responsibility, and Creativity) on a scale from O (not at
all) to 100 (extremely). In order to measure how GenAl influenced how people engaged with the work, we
asked participants about their intentions to adopt the strategy and to utilize the lesson plan because they
could realistically use the work they created during the experiment for their job. This task allowed us to then
capture participants’ motivation to utilize the strategy and the plan itself beyond the scope of the experiment.
Specifically, we asked “How motivated are you to generate lesson plans using the strategy you employed
during your session?”” and, “How likely are you to use the final lesson plan you generated in this session in
your class?” Participants answered both questions using a 0% (motivated/likely) to 100% (motivated/likely)
scale. We also asked “How frustrated were you with this process?” on a 0 (not at all) to 100 (extremely)
scale. Furthermore, in order to understand whether people’s preferences for GenAl collaboration change
when considering their reputation, we asked them, “If the judge knew your strategy, would you have changed
your mind?” and they chose Yes, No, or Unsure.

Individual Differences Driving Psychological Outcomes and Choice. We aimed to better understand
the mechanisms driving people’s choices and tested not only whether individual differences interacted with

the GenAl collaboration strategy and the psychological experience of work but also whether individual
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differences were associated with strategy choice itself. As in Experiment 1, participants reported their task
difficulty, comfort with the task, and experience with GenAl. Additionally, in order to measure expertise,
we asked the participants to report their years of classroom teaching experience (tenure).

Mechanics of Collaboration. In order to understand how people spent time when collaborating with
GenAl, we parsed time on task into: time spent writing, reviewing, and editing. We then used this total
time-on-task measure for each condition to calculate productivity in the same way as we did in Experiment
1. Additionally, we calculated the number of words for each plan and the text similarity between the initial
and final versions.

Following data collection, each initial and final lesson plan was independently evaluated by three judges
recruited from Prolific who were blind to the condition used to create each lesson plan. For each of the four
criteria in Table [5| judges scored lesson plans on a scale from 0 (not at all) to 100 (extremely). These were

rescaled to a 0 to 8 scale in order to match the bonus payment scale.

2.2. Analysis Strategy

Following our pre-registration, for each outcome, we ran group comparisons between all conditions (i.e.,
t-tests, z-tests). For each t-test where we did not find significance, we ran a Bayesian t-test (using a .707
prior) to investigate the probability of the null versus the alternative hypothesis. For each of our outcomes,
we ran a General Linear Model (i.e., OLS, Logistic Regression when appropriate) including the covariates:
Task Comfort, Task Difficulty, Experience with GenAl, Tenure, and STEM. Our main comparisons were
outcomes when people used GenAl compared to when they did not (the control condition) and comparing
the GenAl collaboration strategies to each other (when they used GenAl to draft versus edit). We report
additional models on OSF (e.g., models including only the experimental conditions and Tenure, models
including interactions and additional covariates such as subject designation and grade level). Tenure neither

affected our outcomes as a main effect nor as an interaction with the experimental conditions.

2.3. Results & Discussion
We report our findings as follows. First, we examined which GenAl collaboration strategy people preferred
(RQ 2). Second, we examined productivity. Third, we examined how the GenAl collaboration strategies
differentially influenced the psychological experience of work (RQ1 and RQ 3). Fourth, we examined the
mechanics of the collaboration by testing how each strategy differed in quality and time on task (RQ4).
Strategy choice. While 61.7% of participants chose to have GenAl draft their plan, only 38.3% chose
to have GenAlI edit (X% =49.95, df = 1, p < .001), suggesting a strong preference to use GenAl to draft.
We found no significant individual differences that predicted the GenAl collaboration strategy choice (e.g.,
tenure, gender, comfort with the task).
Productivity. We examined people’s productivity, as measured by the average judge score divided by

participants’ time on task (see Figure 3] for boxplots). Participant time on task was operationalized as:
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Control Condition: writing time
— GenAl Drafter Condition: reviewing and editing time

— GenAl Editor Condition: writing and reviewing time
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Figure 3 Exp. 2: Productivity, Average Judge Score, and Time on Task

As predicted, people who used GenAl were more productive than those who did not use GenAl (Table[6(1),
b=.22,1(681)=2.49, p=0.013, B8 =.12), consistent with prior work (Noy and Zhang| 2023} Brynjolfsson
et al. 2025). Counter to our prediction, even with a highly motivated sample, teachers were similarly
productive regardless of whether GenAl drafted or edited lesson plans (b = —.04, 1(681) = —.42, p = .673;
B =-.02, BFy; =7.71). We found that the more experience teachers had using GenAl, the higher their
productivity (b =.07, 1(681) =2.24, p =.025; 8=0.09). No other measures explained productivity.

To better understand productivity, we examined its components: quality and time on task. Table[6]suggests
that quality, and not time, drove differences in productivity between the presence and absence of GenAl.
The productivity gain we found due to the presence of GenAl was driven by the increase in average judge
score (Table [6]2), b = .62, 1(680) = 5.70, p < .001; B =.26). We identified the mechanism driving the
variation in average judge scores: the number of words. When we included the number of words, all other
significant predictors (using GenAl and tenure) became non-significant. Additionally, the number of words
fully mediated the effect of GenAl collaboration strategy. This result suggests that the verboseness of GenAl
drove quality (see Appendix |B|for mediation analysis).

Counter to our prediction, teachers did not save time by using GenAl relative to not using it (Table [6(3),
b=-.09, t(686) =—1.05, p =.295; B =—-.05). When considering collaboration strategies, one might expect
comparable productivity between these strategies. Here, it was plausible that using GenAl to edit might
increase quality due to teachers’ high-quality lesson plan drafts, while taking longer. However, unexpectedly,
the two collaboration strategies produced similar average judge scores (b = —.20, #(681) = -1.93, p =0.053;
B =-.09, BFy; =.81) and similar amount of time on task (b = —.03, #(686) = —.35, p =.725; 8 =-0.02,



Cost of GenAl Collaboration Strategies

19

Table 6 Exp. 2: OLS Regression Predicting Productivity

Dependent variable:

log(Productivity)  Average Judge Score log(Time On Task)

(1) (2 3)
Intercept -4.06""* 5.24%* 5.69***
(.23) (.29) (.22)
GenAl Used 22% 627 -.09
(.09) (.11) (.08)
GenAlI Drafter -.04 -.20 -.03
(.08) (.10) (.08)
Tenure -.01 —.02%* .004
(.004) (.01) (.004)
Task Comfort —-.002 .004 .003
(.002) (.003) (.002)
Task Difficulty —-.002 —-.003 .001
(.001) (.002) (.001)
Experience w/ GenAl 07" .03 -.07*
(.03) (.04) (.03)
STEM -.07 -.02 .07
(.07) (.08) (.06)
Observations 689 689 694
R? .03 07 .02
Adjusted R? .02 07 01
Residual Std. Error .86 (df = 681) 1.08 (df = 681) .82 (df = 686)
F Statistic 3.01* (df =7;681) 7.88"* (df =7; 681) 1.70 (df = 7; 686)

Note:
*p<0.05; *p<0.01; **p<0.001
The regression models presented are ordinal linear models. The “Al used” coeflicient represents
the effect of using GenAl, regardless of GenAl collaboration strategy. The “GenAl drafter”
coeflicient represents the additional effect of using GenAl to draft (beyond the baseline effect
of using GenAl to edit). In the “Productivity” column, we compared productivity based on the
average judge score for the final plans between conditions.

BFy =2.23). In order to understand this result, we further examined drivers of time on task and quality
in the section “Unpacking Time and Quality,” after reporting the psychological experience of work results.
Taken together, our results suggest that using GenAl influences productivity, but there is no additional effect

on productivity based on the strategy, even when people choose it.
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Psychological Experience of Work. Using GenAl was detrimental to people’s experience of work (see
Figure [] for boxplots). They experienced less control and responsibility when using GenAlI (see Table
b =-10.73, t(686) = —6.40, p < .001; B =—0.28 and b = —10.13, #(686) = -5.37, p < .001; B =-0.23,
respectively). GenAl Collaboration did not impact people’s feelings of creativity (b = —3.21, 1(686) = —1.56,
p=.118; B=-0.07).
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Figure 4 Exp. 2: Psychological Experience of Work

Contingent on using the tool, leveraging GenAl as a drafter further damaged people’s experience of work.
They felt less responsible and creative when using GenAl to draft than edit (b = —7.22, 1(686) = —4.04,
p <0.001,8=—-.17and b =-16.38, 1(686) = —8.42, p < 0.001, B8 = —.35, respectively). People experienced
similar feelings of control between the two GenAl collaboration strategies (b = —.73,1(686) = —.46, p = .646,
B =-.02; from t-test BFy; = 7.61). These results suggest that there are psychological costs to leveraging
GenAl and that using GenAl to draft even further degrades feelings of responsibility and creativity.

Individual Differences Driving Psychological Outcomes. Two drivers increased positive psychological
outcomes: how comfortable people were creating the lesson plan and their previous experience with GenAl.
Specifically, the more comfortable people were completing the task, the higher their perceived control
(b =.37, t(686) =7.95, p <0.001, B =.31), responsibility (b = .37, t(684) =7.07, p < 0.001, B8 = .27),
and creativity (b = .42, 1(684) =7.31, p <0.001, 8 =.28). Similarly, the more experience people had using
GenAl, the more control (b =1.56, 1(684) = -0.24, p =0.012, B =.09), responsibility (b = 1.37, 1(686) =
1.96, p =0.049, B =.07), and creativity they felt (b = .42, 1(684) =2.56, p =0.006, 8 =.28). Comfort with
the task and experience with GenAl appeared to buffer the cost of GenAl on people’s psychology. Difficulty
with the task worked somewhat differently; the more difficult the task felt, the more creative people felt
(b=.16,1(684) =4.73, p < 0.001, B =.17).

Task Engagement. In order to examine the implications of these strategies for our participants beyond

the experiment, we asked them about their intentions to use the GenAl collaboration strategies in the future.
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Table 7 Exp. 2: OLS Regression Predicting Psychological Variables

Dependent variable:

Control ~ Responsibility ~ Creativity

(1) (2) (3)
Intercept 50.23** 50.90*** 30.86"**
(4.47) (5.04) (5.48)
GenAl Used -10.73*** -10.13*** -3.21
(1.68) (1.89) (2.05)
GenAl Drafter =73 —7.22% —-16.38"*
(1.59) (1.79) (1.95)
Tenure .06 .08 12
(.09) (.10) (.10)
Task Comfort 37 37 427
(.05) (.05) (.06)
Task Difficulty -.01 .04 167
(.03) (.03) (.03)
Experience w/ GenAl 1.56* 1.37* 2.05%*
(.62) (.70) (.76)
STEM 44 2.36 1.25
(1.30) (1.46) (1.59)
Observations 694 694 694
R? 20 21 24
Adjusted R2 .19 .20 23
Residual Std. Error (df = 686) 16.52 18.60 20.25
F Statistic (df = 7; 686) 24.06*** 26.08*** 31.34**
Note: “p<0.05; *p<0.01; **p<0.001

People were similarly motivated to continue using their assigned or chosen strategy in creating the plan,
regardless of whether they used GenAl or how they used it (see Table[§] b = —.57, 1(686) = —0.32, p = .746,
B=-.01and b=-2.09, p=.213, 8 =-.05). Both those who felt more comfortable with the task and those
who had more experience using GenAl reported stronger motivation to continue using their strategy (b = .45,
1(686) =9.08, p <0.001, =.36 and b =1.93, 1(686) =2.95, p <0.01, B=.11).

Importantly, teachers reported that they were less likely to use their lesson plan in the classroom when they
used GenAl, compared to when they did not (b =—-3.92, 1(686) = -2.12, p =.03, 8 =—-.09). This effect held
when controlling for teaching experience and task comfort, both of which positively affected the likelihood

of their future use (b = .25, 1(686) = 2.60, p <.01; =0.10 and b = .36, 1(686) = 6.98, p < .001; 5 =0.28).
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Table 8 Exp. 2: OLS Regression Predicting Motivation to Use GenAl Collaboration Strategy and Likelihood of

Using Lesson Plan

Dependent variable:

Motivation to Use Strategy  Likelihood of Using Lesson Plan

Intercept 34.62%* 48.56"**
(4.73) (4.94)
GenAl Used -.57 -3.92%
(1.77) (1.85)
GenAl Drafter -2.09 -3.25
(1.68) (1.75)
Tenure .17 25%
(.09) (.09)
Task Comfort 457 36%
(.05) (.05)
Task Difficulty .02 -.01
(.03) (.03)
Experience w/ GenAl 1.93* .87
(.65) (.68)
STEM 2.00 2.14
(1.37) (1.43)
Observations 694 694
R? 17 14
Adjusted R? .16 13
Residual Std. Error 17.49 (df = 686) 18.24 (df = 686)
F Statistic 19.69*** (df = 7; 686) 16.21*** (df = 7; 686)
Note: “p<0.05; “*p<0.01; **p<0.001

How frustrated did teachers feel? Using GenAl to edit resulted in feeling less frustrated compared to the
control (difference = 5.24, 1(363.42) =2.15, p = 0.032; Cohen’s d = .23, BFy; = 1.03, see Appendix [B).
People felt similarly frustrated with using GenAl to edit versus to draft (difference = 1.01, #(344.35) = .44,
p =.659; Cohen’s d =0.05, BFy; = 8.28). Editing helped preserve the benefits of positive psychological
experience of work compared to not using GenAl, without a cost to frustration, compared with drafting.
Furthermore, the reputational concerns (whether the judges knew of the GenAl collaboration strategy used)
were not strong enough to change the strategy choice (Proportion Z-test; difference = 1.58, YoGenaiDrafrer =

15.6%, YoGenarEdiror = 14.0 (1) = .110, p = .74).
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Unpacking Time and Quality. To understand why GenAl collaboration strategies produced equivalent
productivity, we first examined the time teachers spent on the task components and then unpacked quality.

Time on Task Components. We deconstructed time into three components: writing, reviewing GenAl
output, and editing GenAlI output (see Table [J). Two observations explained why the total time remained
constant between the collaboration strategies (see Table[6). First, people who chose to have GenAl draft the
plan spent substantial time reviewing the GenAl draft before editing it, which was equivalent to the time
people spent reviewing when they chose to have GenAl edit. Second, those who chose to have GenAl edit,
knowing that GenAl would edit their work, spent 5.62 minutes writing (less than those without GenAl).
However, they spent time reviewing GenAlI’s edits for an additional 1.02 minutes, ultimately, losing out on
any time saved.

This review time partially offset the time saved in both collaboration strategies as teachers did not write
from scratch and they provided a shorter draft when expecting GenAl assistance. The review step, where
people read through the GenAl output in both collaboration strategies, was necessary but not instantaneous.
Together, the time needed to review and edit the draft when using GenAl to draft and the writing and
reviewing effort when using GenAl to edit produced comparable total time on task across all conditions.
These results provide greater insight into how people allocate effort when collaborating with GenAl. Counter
to our prediction, using GenAl to draft did not necessarily save people time relative to using GenAl to edit

and thus did not translate into productivity benefits.

Table 9 Descriptive Statistics for Time on Task in Minutes: Mean (SD)

Condition Writing Reviewing Editing Total
GenAlI Output  GenAl Output
M(SD) M(SD) M(SD) M(SD)
Control 7.35(5.31) 7.35(5.31)
GenAl Drafter 1.43(2.04) 5.16(5.50) 6.59(6.45)
GenAlI Editor  5.62(5.09) 1.02(1.01) 6.64(5.36)

Note: Participants who had GenAl Edit reviewed the GenAl output in order to forecast the average judge score.

Quality. Table [6] shows that GenAl collaboration, relative to not using GenAl, improved productivity by
improving quality. Moreover, the collaboration strategies produced similar quality lesson plans. In order to
test the drivers of improvement between the control condition and the collaboration strategies, we examined
three dimensions: 1) text length, 2) the number of learning objectives, and 3) editing patterns measured by
text similarity.

Why GenAl Collaboration Improves Quality. Compared to people who worked without GenAl assistance,
those using GenAl (regardless of strategy) produced lesson plans with 206 more words (see Table [I0[1),
b =206.55, t(686) = 13.10, p < .001; B8 =0.54). Longer lesson plans translated directly into higher average
judge scores (Table 6), b =.003, 1(666) =11.42, p < .001; 8 =0.46). Additionally, when using GenAl
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Table 10 Exp. 2: OLS Regression of Text Characteristics, Similarity, and Average Judge Score Differences

Dependent variable:

# Words  Objectives A Word Cosine Diff A Avg. Judge Score  Avg. Judge Score

(D) (2) (3) 4 (5) (6)
Intercept 205.40*** 2.05%%* 184.88** 425 1.22% 4,74
(42.10) (.31) (59.22) 07) (.48) (.30)
GenAl Used 206.55** .20 .06
(15.77) (.12) .11)
GenAl Drafter -26.11 597 —-262.74** —. 18" —1.02%** -.14
(14.95) (1D (17.72) (.02) (.14) (.10)
Tenure -2.10** —.02"* -3.09** .002 -.02* -.01
(.80) (.01) (1.19) (.001) (.01) 01)
Task Comfort 51 .01* 49 —-.001 -.001 .004
(.44) (.003) (.63) (.001) (.01) (.003)
Task Difficulty -.33 .01** -.76* .001 -.01* -.002
(.26) (.002) (.37) (.0004) (.003) (.002)
Experience w/ GenAl 8.09 A1 8.04 .01 .02 .01
(5.82) (.04) (8.61) .01) .07) (.04)
STEM -17.82 -.06 -6.51 .04 -.18 .03
(12.20) (.09) (17.62) (.02) (.14) (.08)
Time on Task —.0001
(.0001)
‘Words .003***
(.0002)
Objectives .001
(.03)
Self Score -.03
(.03)
Observations 694 683 463 463 459 678
R? 27 13 35 14 13 23
Adjusted R? 27 12 34 13 12 22
Residual Std. Error 155.52 1.13 183.79 22 1.49 .99
F Statistic 37.05%* 14.33** 41.06*** 12.70** 11.27%* 17.86***
Note: “p<0.05; *p<0.01; **p<0.001

to draft (versus to edit), the final lesson plan included 0.6 more learning objectives (Table [I0(2), b = .59,
1(675)=5.35, p <.001; B=0.24).
Why Collaboration Strategies Produce Similar Quality. Despite different workflows, the two strategies

produced final lesson plans that were similar in length, controlling for all covariates (Table[I0(1), b = —26.11,
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1(686) =—1.75, p =.081; B =—.07). Thus, the strategies also produced a similar average judge score. While
using GenAl to draft resulted in 0.6 more objectives, that did not make a practical difference.

In order to understand why the different strategies produced final plans that were similar in length, we
compared the initial to the final lesson plans on length and similarity of text. Between the two GenAl
collaboration strategies, editing behavior was asymmetric. Table [I0}3) shows that when GenAl edited the
person’s draft, it added 185 more words, whereas when people edited the GenAl draft, they reduced the
number of words by 80. These results suggest that when GenAl and people collaborate, GenAl adds a greater
amount of text than people remove. Furthermore, in Table[I0[4), the cosine difference? between the final and
initial lesson plans shows that people edited GenAl drafts less than GenAl edited people’s drafts (b = —.18,
1(456) = —8.42, p < .001; B =—0.37)P This led to less improvement in the average judge score from the
initial plan to the final plan when GenAl was used to draft versus edit (b =—1.02, #(452) =-7.12, p < .001;
S =-0.31). Again, regardless of where GenAl entered the workflow, it acted as a hammer, overwhelmingly
influencing outcomes.

Interestingly, people were accurate in predicting the value added from GenAl when they used GenAl to
edit (prediction of A Average Judge Score=.73 versus actual A Average Judge Score=.78), however, they
did not forecast that their edits would lead to a decrease in average judge score (prediction of A Average
Judge Score=0.45 versus actual A Average Judge Score=-.32). Thus, people overestimated the value that
they added within the workflow when GenAl drafted (difference= .82, #1(396.58) =4.96, p < .001; Cohen’s
d =0.50, BFy; = 1.22¢™*, see Appendix [B).

Robustness Checks. We checked the robustness of our results by examining where participants may
have misinterpreted the task (for example, entering prompts rather than submitting a teaching plan in the
GenAl edit condition). To do this, we removed final deliverables that were unusually short or unusually
long, i.e., those in the top/bottom 2.5% of the values (excluding a total of 5% of the data). The excluded
deliverables were also checked to confirm that the thresholds we used correctly identified misinterpretation

by the participants. This robustness check is presented in Appendix [Bl Our results held with this exclusion.

Discussion. We identified the optimal GenAl collaboration strategy between drafting and editing: using
GenAl to edit (RQ1), consistent with Experiment 1. Importantly, the majority of people chose the suboptimal
GenAl collaboration strategy (RQ2, RQ3), which degraded their feelings of responsibility and creativity,
without any added productivity benefits. Additionally, we identified factors that 1) improved the benefits of
using GenAl and 2) buffered against its costs. Regardless of the GenAl collaboration strategy that people
chose, those with GenAl experience were more productive. Moreover, people who were more comfortable

with the task and people who had more experience with GenAl were buffered from the cost of GenAl. They

4 A cosine difference equal to 1 means completely different texts, 0 means the same text.

5 We calculated additional measures of text similarity (Jaccard and Sorensen-Dice), and they showed the same pattern.
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felt more in control, responsible, and creative relative to those who felt less comfortable with the task and
who had less experience.

Beyond the immediate effects of using GenAl, we were interested in understanding how people thought
about using GenAl in their work after the experiment. Participants were comfortable continuing to utilize the
same strategy they selected. Yet, they were less likely to actually use the lesson plan created in collaboration
with GenAl compared with the plan created without GenAl.

These findings reveal an important trade-off for organizations. While GenAl collaboration improved
immediate task productivity, people showed greater commitment to implementing outputs they created
independently. This pattern suggests that foregoing GenAl assistance may offer long-term benefits, allowing
individuals to build expertise and enhance ownership of the entire downstream process. In this case,
teachers who developed their own lesson plans may have felt better prepared to deliver them effectively.
Organizations must therefore weigh task-specific trade-offs when deciding whether to deploy GenAl support,
balancing short-term productivity benefits against potential costs to worker engagement and long-term skill
development.

Examining the mechanics of the collaboration (RQ4), we found that using GenAl increased the number
of words, thus improving quality and productivity. Interestingly, the specific collaboration strategies were
similar in their quality, time, and productivity. Counter to past literature, using GenAl did not save our
participants time, suggesting that people put in similar effort whether they thought GenAl would edit or not
and were willing to spend time reviewing and editing GenAI’s draft.

Overall, the results from Experiment 2 revealed that while using GenAl as an editor was the optimal strat-
egy for balancing both productivity and the psychology of work, the majority of people chose GenAl to draft.
When editing, people refined text rather than generating it. In contrast, GenAl expanded and transformed
text. GenAl added more words (185) than teachers removed (-80 words). GenAI’s contribution, regardless
of the sequencing within the workflow, dominated the final lesson plan quality. Including GenAl in the

workflow created distance between workers and deliverables despite the improved quality and productivity.

3. General Discussion
Our research contributes to the new and growing literature on how people collaborate with GenAl by
demonstrating that how people use GenAl is key to optimizing outcomes. By taking a cost and benefit
perspective to the use of GenAl, we extend research focused on the potential productivity benefits of
GenAl. We identified the psychological cost that workers risk incurring when leveraging GenAl in different
collaboration roles. By accounting for the psychological consequences of using GenAl, we extend the
literature to account for multiple goals held by both organizations and employees.

Our findings suggest that the critical question is not whether GenAl enhances productivity (it does),

but at what cost? We found that the cost incurred depended on the specific GenAl collaboration strategy
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employed. Thus, we extend work examining different GenAl modalities (Chen and Chan 2024) by 1)
comparing GenAl collaboration strategies to each other (rather than comparing them each to the absence of
GenAl), 2) identifying the psychological costs associated with each, 3) identifying the optimal strategy, and
4) examining whether people select the optimal strategy. Moreover, we focus on the GenAl collaboration
strategies fundamental to writing: drafting and editing.

We further examined the mechanics of GenAl-human collaborations, specifically, how each collaborator
spent their time. Past work comparing the presence and absence of the tool showed that GenAl improved
productivity by both improving quality and saving time. In contrast, we found that using GenAl improved
quality but did not save time. We replicated the benefit to productivity when introducing GenAl to the
workflow and further discovered that productivity did not depend on the GenAl collaboration strategy
employed. Within our experiments, both strategies were similarly productive.

More broadly, when new technology is introduced, research seeks to understand how the presence of
the tool changes our lives and experiences. But as technology proliferates, it is important to understand
the different ways that people utilize it, especially if benefits are associated with a cost. For example, work
on how technology affects people’s happiness first examined the presence versus absence of smartphones
during social interactions (Misra et al.[2016, Dwyer et al.[2018)). More recently, work has examined how
different ways of utilizing smartphones influence users (Kushlev and Leitao| 2020, [Leitao et al.|[2024)) and
how different ways of using social media blocking applications can backfire (Chen and Chan| [2026)). In
the next section, we extend our contributions by broadening our view to additional GenAl collaboration

strategies. Then, we discuss organizational implications, followed by limitations and future directions.

Broader Set of Strategies for GenAl Collaboration. In order to further inform prescriptions for
utilizing GenAl, we examined two additional strategies: retrospective GenAl editor and GenAl only. This
helped identify which strategies best align with individual and organizational goals from a broader set of
options. Specifically, we tested 1) can GenAl improve people’s work without the worker’s knowledge or
involvement, post-hoc? and 2) how does completely automating the task affect productivity compared to the
different strategies?

First, we tested a common use case: managers enhancing employee deliverables via GenAl or teachers
adapting colleagues’ plans through GenAl. We input lesson plans from our control condition to GenAl for
editing. Thus, we created a new GenAl collaboration strategy: the retrospective GenAl editor strategy. We
hypothesized that retrospective editing would produce higher-quality deliverables because people would
potentially invest greater effort in initial drafts when they did not expect GenAl assistance (our control
condition). We predicted that this strategy would produce the best of both human and GenAl contributions
by leveraging GenAl to enhance a deliverable crafted via maximum human effort.

This hypothesis was not supported. While people spent marginally more time in the control condition

than in the GenAl editor condition to produce their lesson plans, the additional time spent did not result
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in higher quality on the final plan after GenAl edited the work. Judges scored teaching plans from the
retrospective GenAl editor strategy similarly to those generated by using GenAl as an editor (average judge
score difference = 5.95¢7%3, £(365.34) = .08, p = .940; Cohen’s d = 7.88¢~%, BFy; = 9.022). Surprisingly,
there were no differences in average text length between GenAl editor and retrospective GenAl drafts (word
difference = 2.48, 1(343.26) = .29, p =.773; Cohen’s d = .03, BFy; = 8.70). These findings suggest that
GenAl adapted its editing relatively uniformly regardless of the initial draft quality that it received as input.
The retrospective strategy combines the time investment of creating unaided work with the time needed for
GenAl to edit, yielding lower productivity than direct collaboration, without any quality advantages. While
intuitively appealing as a way to enhance existing work, this strategy offered no advantages over direct
collaboration and represented an inefficient hybrid strategy.

Second, in order to examine a GenAl only strategy, we revisited the GenAl drafter condition and analyzed
the draft produced by GenAl. The GenAl only strategy produced higher quality plans compared to using
GenAl as a drafter (difference = —.32, #(284) = —3.57, p =< .01, Cohen’s d = —.21; BFy; = 1.168_05).
Quality decreased when people edited the GenAl draft and GenAl took only 41 seconds to generate the
plan (versus 6.6 minutes total when using GenAl to draft) [¥] Leveraging GenAl on its own, without human
collaboration, maximized immediate productivity.

Despite this productivity advantage, the GenAl Only strategy has significant limitations. Even if a task is
automated, organizations must balance data and human judgment, which requires people in the workflow.
Organizations need people to: 1) judge whether input data is relevant to organizational goals and problems,
2) check that outputs are aligned with organizational goals and thus action-worthy, 3) decide whether, when,
and in what context to deploy it, and in many cases, 4) execute on insights and plans produced by GenAl
(Logg|2022).

While we could not directly measure the psychological experience of work for deliverables created solely
with GenAl, we predict that using the GenAl only strategy would yield even lower control, responsibility,
and creativity than the GenAl drafter condition. Furthermore, the disconnect between the output in the earlier
stages of the workflow and the person acting on that output can create additional difficulties. For example,
teachers who must deliver these lesson plans in their classrooms might experience a lack of ownership,
which could undermine effective implementation and exacerbate disengagement. Teachers unfamiliar with
the content and unprepared to adapt plans to student needs may struggle during instruction, potentially

offsetting any time saved from the creation phase.

Organizational Implications. Many organizations have invested massive amounts of resources in order
to provide employees with GenAl tools, expecting that such investments will directly translate into organi-

zational success (Dutt et al.[2026). However, simply providing GenAl tools without guidance about how to

6 As noted in Table|§l participants who had GenAl edit reviewed the GenAl output in order to forecast the average judge score.
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leverage them is insufficient. Whether organizations can effectively leverage the power of GenAl depends
on how employees use GenAl. Yet, many managers ignore the meaningful psychological costs incurred
when adding GenAl to the workflow. If organizations continue to ignore how people use GenAl, they risk
employees selecting suboptimal strategies.

Data analytics needs psychology (Logg|2022)) and so too does GenAl. If organizations do not understand
how people collaborate with GenAl and how GenAl affects employees’ psychology, they cannot realize the
full potential of GenAl. Theory papers and special issues call for leveraging GenAl beyond just productivity
goals (Von Krogh|2018, |Barnes et al.|2022). In fact, there are broader calls for incorporating psychology
and behavioral science into the creation of algorithms and GenAl (Lu et al.|2019, (Guszcza et al.|[2022]
Sacher et al.|2026)), including auditing algorithms (Logg| 2019, 2022, [Hauser et al.2025). Some work tests
the impact on creativity for users who collaborate with GenAl in creative work and the contributions made
to the broader culture (Doshi and Hauser||2024, Zhou and Lee||2024, Zhou et al.[|2025), how authentically
third parties view work when creators collaborate with algorithms (Jago| 2019, Jago et al.|2022), and how
much credit people receive in GenAl-human collaborations (Jago and Carroll|2024).

Understanding the unintended consequences of GenAl, especially psychological ones, is important. A
theoretical review of research from psychology as well as human-computer interaction calls for research
on how interacting with GenAl influences people’s agency, autonomy, authenticity, and empathy (Pentina
et al.|[2023)). Another theoretical paper outlines how algorithms provide organizations control and could
potentially influence feelings of disempowerment, discrimination, and stress (Kellogg et al.[2020). Some
work answers these calls by showing how using algorithms as mediators between workers and managers
influences workers’ intrinsic motivation (Chan et al.|[2023) and how managers and workers view roles
which are algorithmically managed (Jago et al.|2024} |Schweitzer and De Cremer [2024). We contribute to
work addressing these calls by examining how GenAl collaboration strategies affect people’s psychological
experience of work.

Our results have clear organizational implications: including GenAl in the workflow damages employees’
feelings of control and responsibility. The results also provide a prescription: when employees use GenAl, as
they already are, the optimal strategy is to use GenAl to edit. Using GenAl to edit (rather than draft) allows
people to preserve their psychological experience of work. However, people select the suboptimal strategy,
using GenAl to draft. This suggests that organizations should provide employees guidance on their GenAl
collaboration strategies and do so while considering organizational and project goals. Lastly, at times when

organizations consider productivity their primary goal, our results suggest that either strategy suffices.

Limitations and Future Directions. Our work indicates multiple directions of future inquiry: How does
GenAl change how we see ourselves? What drives the selection of different GenAl collaboration strategies?
How does the type of task influence which strategy is optimal? What other psychological experiences of

work are influenced by strategy? When is GenAl use beneficial to the psychological experience?
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Effect of GenAl on Self-Perceptions. How does GenAl change how we see ourselves? Future research
should further examine how GenAl influences people, specifically their self-perceptions. We predict that
using GenAl changes how people view their own competency at a task and their broader topic expertise.
It could also influence people’s self-perceptions for social interactions. Does using GenAl influence how
people view how cooperative they are when collaborating with other people? Understanding how GenAl
influences social interactions with other people can further help organizations identify the optimal GenAl
collaboration strategy in situations when they need to consider goals that are relevant beyond just the current
workflow.

Relatedly, we predict that GenAl is a promising motivational tool to solve the “starting problem.” For
example, when staring at a blank document for an important task, one might experience writer’s block.
While people tend to put off work to progress towards goals (O’ Donoghue and Rabin|1999), research shows
that using commitment devices (Milkman et al.[2008)) and using events as “fresh starts” (Dai et al.[2014) can
help people make beneficial choices between what they “want” to do and what they “should” do (Bazerman
et al.||[1998, Milkman et al.[[2009, 2010). Can people use GenAl as an intervention to help start a task? We
predict that interacting with GenAl helps people feel better prepared to start a task and may help people stop
procrastinating tasks.

Future work should test the extent to which GenAl can help people “jumpstart” tasks and develop ideas
by lowering their threshold for developing an idea. Simply sharing an idea with GenAl via short prompts
might serve as a motivator in and of itself, perhaps without even using its response. Further, work should
test how using GenAl to increase motivation to action differs from “bouncing ideas” off of other people,
comparing GenAl and humans in the efficacy of helping people to start looming tasks.

Mechanisms Driving GenAl Collaboration Strategy Selection. Understanding why workers gravitated
towards a strategy that diminished their psychological experience of work represents a key direction for
future research, as organizations may need to actively guide employees toward collaboration strategies rather
than assume that they will select the optimal strategy on their own. Do people underestimate just how much
collaborating with GenAl diminishes their psychological experience of work? Further, how resilient are
people to these psychological costs over time? How can people buffer themselves? Perhaps people can buffer
themselves by focusing their time on other fulfilling tasks, decisions, and roles in order to help maintain
engagement and resilience. Future work should test people’s broader expectations for different GenAl
collaboration strategies. For instance, their preference to have GenAl draft may reflect several additional
factors: lower perceived difficulty in editing text from GenAl relative to creating an original draft, perceptions
of GenAl errors that lead them to prefer to “check” its work, or simply exploring the capabilities of a new
technology.

Types of Tasks and Collaboration Strategies. We should note that our experiments examined a one-shot

collaboration with GenAl. We employed this simplified setting in order to standardize the collaboration and
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create conditions that were more comparable. Future research should examine longer time horizons, different
modes of collaboration (Dhillon et al.|2024)), as well as the specific stages within multi-round collaborations.
For example, do people who first use GenAl to draft iterate through more of revisions with the tool than
when they start with GenAl editing their work? Relatedly, work should examine which strategies, and which
sequence of strategies, are most sustainable over time, similar to how (Anwar et al. 2025)) examined long-term
satisfaction when using recommendation systems that are optimized for short-term engagement and how
(Yang et al.|2024) examined potential long-term policy consequences. Although we began to evaluate user
frustration, future work should test which strategies frustrate people enough that they either switch strategies
or stop collaborating with GenAl altogether. Instead, people may seek out other humans with whom to work
or to simply work on their own.

Additionally, our experiments focused on moderately complex creative tasks. Depending on the sector,
employees may integrate GenAl differently, from judges drafting opinions to consultants producing client
deliverables to researchers building literature reviews. The nature of work (routine versus non-routine)
may affect GenAl use (Brown et al.[2025). The extent to which our findings generalize across task types,
expertise levels, and professional contexts remains an open question. For instance, daily work tasks vary
in creativity requirements, verifiability of outputs, and implementation demands. Future work should test
whether these aspects, along with organizational goals, may produce different trade-offs (Wang et al.|[2023])
between collaboration strategies.

Influence on Other Aspects of the Psychological Experience of Work. We measured control, responsi-
bility, and creativity to assess the psychological experience of work, but there are additional psychological
dimensions related to the experience of work to consider. There are two broad dimensions that the future
work should evaluate: cognitive impact, detailing how GenAl impacts the function of tasks, and social
impact, detailing how individuals feel in relation to their work. Research into the cognitive impact of GenAl
should evaluate changes such as cognitive load, depletion, and learning. Research into the social impact
of GenAl should evaluate autonomy, ownership (Gero et al.[|2026), and meaning/purpose. Each of these
aspects (and others) may be directly affected by this new medium of work, with potential gains and losses

from using GenAl.

4. Conclusion

Our findings are crucial for creating organizational environments that encourage GenAl use that maximizes
employees’ productivity and preserves their psychological experience of work. The discussions around
GenAl deployment in organizations have focused on providing access to employees. However, because
managers are overlooking how employees actually collaborate with GenAl, they are potentially unaware of
the significant costs to their employees’ psychological experience of work. We find that collaboration between

GenAl and people is not straightforward, but a balance between productivity benefits and psychological
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harms. Although using GenAl benefited productivity regardless of strategy, leveraging it was detrimental to
people’s control and responsibility. People further harmed their experience of responsibility and creativity
when using GenAl to draft. Through our work, we identified the optimal GenAl collaboration strategy: using
GenAl to edit. Our results suggest that contingent on using GenAl, people can avoid a further cost to their

psychology by using GenAl to edit rather than draft, a strategy that people did not choose for themselves.
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Appendix A: Study 1
A.l. t-test & Bayesian Analysis
A.1.1. Productivity Comparing levels of Productivity.

Table 11 Independent Samples t-test Comparing the Productivity Between Conditions
Comparison Difference Est.1 Est.2 t pvalue df  95% Confidence Cohen’s D BFy;

GPT Role Drafter-Editor 0.11 -4.81 -491 209 0.04 598.12 [.01;.21] 17 1.35
Expertise Low-High 0.07 -4.83 -489 125 21 59893 [-.04;.17] .10 5.12
Note: BFy; represents likelihood for the null hypothesis over the alternative.

A.1.2. Avg. Judge’s Score Comparing Average Judge’s Score.

Table 12 Independent Samples t-test Comparing the Judge’s Score Between Conditions

Comparison Difference Est.1 Est.2 t pvalue df  95% Confidence Cohen’sD BFy;

GPT Role Drafter-Editor -0.08 557 5.65 -124 22 584.23 [-.21;.05] -.10 5.25
Expertise Low-High -0.01 561 561 -.14 .89  591.46 [—.14;.12] -.01 10.90
Note: BFy represents likelihood for the null hypothesis over the alternative.

A.1.3. Time On Survey Comparing Time on Survey.

Table 13 Independent Samples t-test Comparing the Time Between Conditions

Comparison Difference Est.1 Est.2 t  pvalue df  95% Confidence Cohen’s D BFy;

GPT Role Drafter-Editor -.13 651 6.64 -2.69 0.01 598.81 [-.23;-.04] -22 33
Expertise Low-High -.07 6.53 6.61 -1.46 .14  598.98 [-.17;.02] -.12 3.87

Note: BFy; represents likelihood for the null hypothesis over the alternative.
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A.1.4. Control Comparisons of Feelings of Control in the process.

Table 14 Independent Samples t-test Comparing the Control Between Conditions
Comparison Difference Est.1 Est.2 t  pvalue df  95% Confidence Cohen’s D BFy

GPT Role Drafter-Editor ~ -9.88 59.53 69.41 -4.62 <.01 57926 [-14.08;-5.68] -.38 .00046
Expertise Low-High -5.37 61.61 6698 -246 .01 591.18 [-9.65;-1.08] -20 .58
Note: BFy; represents likelihood for the null hypothesis over the alternative.

A.1.5. Responsibility Comparisons of Feelings of Responsibility toward outcome.

Table 15 Independent Samples t-test Comparing the Responsibility Between Conditions

Comparison Difference Est. 1 Est. 2 t p value df 95% Confidence Cohen’sD  BFy;

GPT Role Drafter-Editor  -11.04  51.59 62.63 -5.07 <.01 584.93 [-15.32;-6.77] -42 5.81e™>
Expertise Low-High -.07 56.88 56.95 -.03 97 59881 [-4.47;4.32] 2.66¢73 11
Note: BFy represents likelihood for the null hypothesis over the alternative.

A.1.6. Creativity Comparisons of Creativity utilized.

Table 16 Independent Samples t-test Comparing the Productivity Between Conditions

Comparison Difference Est. 1 Est.2 t  pvalue df 95% Confidence Cohen’sD  BFy

GPT Role Drafter-Editor  -20.48  49.16 69.64 -9.60 <.01 558.64 [-24.67;-16.29] -.81 1.38¢717
Expertise Low-High -.39 58.84 59.24 -0.17 .87 59521 [-4.94;4.15] -.01 10.82

Note: BFy; represents likelihood for the null hypothesis over the alternative.
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A.2. Miscalibration of Change

Participant’s ability to judge how their score changes between the initial and final draft

A.2.1.

Productivity Comparing levels of Productivity.

Table 17 Independent Samples t-test Comparing the Productivity Between Conditions

Comparison Difference Est.1 Est.2 t pvalue df  95% Confidence Cohen’s D BFy;

GPT Role Drafter-Editor .14 .53 38 91 36 593.60 [-.17;.45] .08 7.31
Expertise Low-High -.06 43 49 -36 72 598.64 [-.37;.25] -.03 10.31
Note: BFy; represents likelihood for the null hypothesis over the alternative.

A.3. Robustness Checks

A3.1.

Those with the only middle 95% of the number of words composed The two tables below represent the

analysis of our main dependent variables, excluding those in the highest and lowers percentile of words submitted.

Table 18 OLS Regression of Participant Score and Productivity Measures

Dependent variable:

Log(Productivity) Avg. Judge’s Score Log(Time)
€)) 2 3)
Intercept —4.50" 5.93% 6.28"*
(.14) (.16) (.14)
Expertise - High -.07 -.02 .07
(.05) (.06) (.05)
GenAl Role - Drafter .07 -.05 -.09
(.05) (.06) (.05)
Comfort w/ Writing —-.003* -.001 .003*
(.001) (.001) (.001)
Task Difficulty —.004"* —-.002* 004
(.001) (.001) (.001)
Exprnce_1_5Extensiv .01 -.01 -.01
(.03) (.03) (.02)
Observations 574 574 574
R? .04 01 .04
Adjusted R? .03 -.001 .03
Residual Std. Error (df = 568) .63 72 .60
F Statistic (df = 5; 568) 4.53** .92 4.39*

Note:

*p<0.05; *p<0.01; **p<0.001
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Table 19 OLS Regression of Participant Score and Productivity Measures

Dependent variable:

Control  Responsibility ~ Creativity
1) 2) 3)
Intercept 28.38"* 8.85 16.17*
(5.67) (5.67) (5.49)
Expertise - High 4.88" -.09 -.18
(2.07) (2.07) (2.01)
GenAl Role - Drafter =7.07*** =7.47** -16.59"**
(2.10) (2.11) (2.04)
Comfort w/ Writing 39% 437 ST
(.05) (.05) (.05)
Task Difficulty 09" 257 247
(.04) (.04) (.04)
Experience w/ Al 1.77 3.32% 1.78
(1.03) (1.03) (1.00)
Observations 574 574 574
R? 14 19 28
Adjusted R? 14 18 28
Residual Std. Error (df = 568) 24.82 24.85 24.03
F Statistic (df = 5; 568) 19.05** 26.14* 44527

Note: “p<0.05; *p<0.01; **p<0.001
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Appendix B: Study 2
B.1. t-tests & Bayesian Analysis

B.1.1. Productivity Comparing the level of Productivity.

Table 20 Independent Samples t-test Comparing the Productivity Between Conditions
Difference Est. 1 Est. 2 t  pvalue df 95% Confidence Cohen’s D BFy
Drafter-Editor -0.05 -3.92 -387 -0.65 0.52 377.50 [-.21;.11] -.23 7.71
Control-Editor -0.27 -4.14 -3.87 -3.13 <.01 38543 [-.44;-.10] -.32 .09
Control-Drafter -0.22 -4.14 -392 -282 <.01 48598 [-0.37;-0.07] -.26 21

Note: BFy represents likelihood for the null hypothesis over the alternative.

B.1.2. Avg. Judge’s Score Comparing the of Average Judge’s Score, both within and between conditions.

Comparing the differences between the initial and final drafts

Table 21 Paired Samples t-test Comparing the Judge’s Score in the Initial and Final Drafts
Avg.A 't pvalue df 95% Confidence Cohen’sD  BFy

GenAl Editor .78 699 <01 177  [.56;1.00] 53 8.27¢~ 8

GenAl Drafter -32 -3.57 <.01 284 [-.50;-.14] -21 1.16e~%

Note: BFy represents likelihood for the null hypothesis over the alternative.

Table 22 Independent Samples t-test Comparing the Judge’s Score Between Conditions
Difference Est. 1 Est. 2 t  pvalue df 95% Confidence Cohen’s D  BFy;
Drafter-Editor -.23 586 6.09 -246 .01 458.09 [-.42;-.05] -.23 .809
Control-Editor -.67 542 6.09 -7.10 <.01 405.43 [—.86;—.49] =70 3.90¢~°
Control-Drafter -44 542 586 -433 <01 50586 [-.64;-—.24] -39 1.52¢73

Note: BFy represents likelihood for the null hypothesis over the alternative.

Table 23 Independent Samples t-test Comparing the Judge’s Score Directly After Al Intervention

Difference Est.1 Est.2 t pvalue df  95% Confidence Cohen’s D BFy
Drafter-Editor 0.09 6.18 6.09 1.08 0.28 40435 [-0.07;0.25] 11 5.53

Note: BFy represents likelihood for the null hypothesis over the alternative.

B.1.3. Time On Task Comparing Time on Task.

Table 24 Independent Samples t-test Comparing the Time Between Conditions
Difference Est.1 Est.2 t pvalue df  95% Confidence Cohen’s D BFy

Drafter-Editor -.02 5.65 567 -21 .83 366.85 [-.17;.14] -.02 9.26
Control-Editor 13 580 5.67 155 .12 37854 [-.03;.29] -70 2.83
Control-Drafter 0.15 5.80 5.65 202 .04 489.76 [.00;.29] 18 1.41

Note: BFy represents likelihood for the null hypothesis over the alternative.
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B.1.4. Control Comparisons based on Feelings of Control over the process.

Table 25 Independent Samples t-test Comparing the Feelings of Control Between Conditions

Difference Est. 1 Est.2 t pvalue df  95Y% Confidence Cohen’sD  BFy;

Drafter-Editor -1.23 74.67 7589 -70 48 429.65 [-4.67;2.21] -.07 7.61
Control-Editor 10.11 86.00 75.89 6.51 <.01 337.87 [7.06;13.17] 1 9.96¢~°
Control-Drafter ~ 11.34  86.00 74.67 7.51 <.01 501.65 [8.37;14.30] .67 3.13¢710

Note: BFy represents likelihood for the null hypothesis over the alternative.

B.1.5. Responsibility Comparisons based on Feelings of Responsibility toward outcome.

Table 26 Independent Samples t-test Comparing the Feelings of Responsibility Between Conditions

Difference Est. 1 Est. 2 t p value df  95% Confidence Cohen’sD  BFy;

Drafter-Editor  -7.56 7091 7847 -391 <.01 443.13 [-11.36;-3.76] -37 01
Control-Editor ~ 9.72 8820 7847 591 <.01 32937 [6.49;12.96] .65 2.81e77
Control-Drafter ~ 17.29  88.20 70.91 10.37 <.01 48320 [14.01;20.56] 94 1.067'8

Note: BFy represents likelihood for the null hypothesis over the alternative.

B.1.6. Creativity Comparisons based on Feelings of Creativity utilized.

Table 27 Independent Samples t-test Comparing the Feelings of Creativity Between Conditions

Difference Est.1 Est. 2 t p value df 95% Confidence Cohen’sD  BFy;

Drafter-Editor  -16.65 5839 75.04 -7.89 <.01 436.50 [-20.80;-12.50] -75 5.54¢11
Control-Editor 297 78.01 75.04 1.61 0.11 337.83 [-0.66;6.61] 18 2.43
Control-Drafter  119.63  78.01 58.39 10.72 0.00 496.54 [16.03;23.22] .96 4.06720

Note: BFy represents likelihood for the null hypothesis over the alternative.



Cost of GenAl Collaboration Strategies

44

B.2. Mediation Analysis

We conducted a mediation analysis of the Number of words on the effect of AI Used predicting Avg. Judge’s Score

Table 28 Exp. 2: Mediating Effect of # Words on Al Used for Avg. Judge’s Score
Estimate 95% Confidence  p value

Average Causal Mediation Effect (ACME) 57 [.45;.68] < .007 s
Average Direct Effect (ADE) - Al Used (Post-Mediated)  -0.07 [-.21;.14] 726
Total Effect of Al Used (Pre-Mediation) 0.53 [.37;.70] < .001 s
Proportion Mediated 1.06 [.78;1.54] < .001 = *x
|
ACME - | —_—
ADE -
I
Total | | _
Effect : -
|
T i T T T T
-0.2 0.0 0.2 0.4 0.6 0.8

Figure 5 Plot of Mediated Effect of # Words on Al used for Avg. Judge’s Score
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B.3. Write Time

Comparing only writing time between the Control and GenAl Editor conditions.

Table 29 Independent Samples t-test Comparing the Write Time Between Conditions

Difference Est.1 Est.2 t pvalue df  95% Confidence Cohen’sD BFy;

Control-Editor 0.41 5.80 539 438 <.01 33539 [.23;.59] 48 6.23¢~*

Note: BFy represents likelihood for the null hypothesis over the alternative.
Write time is log transformed.
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B.4. Frustration

Tables illustrating people’s feelings of Motivation after creating the lesson plans.

Table 30 Independent Samples t-test Comparing the Feelings of Frustration with the Process Between Conditions
Difference Est.1 Est.2 t pvalue df  95% Confidence Cohen’s D BFy;

Drafter-Editor 1.01 20.37 1936 044 0.66 34435 [-3.49;5.51] .05 8.28
Control-Editor 5.24 2460 1936 2.15 .03 36342  [.45;10.02] 23 1.03
Control-Drafter 4.23 24.60 20.37 1.94 .05 475.03 [-.05;8.50] 18 1.58

Note: BFy represents likelihood for the null hypothesis over the alternative.
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B.5. Number of Words - Retrospective GenAl/GenAl Editor

Table 31 Independent Samples t-test Comparing the Number of Words Between Retrospective GenAl and GenAl
Editor

Difference Est.1 Est.2 t pvalue df  95% Confidence Cohen’s D BFy;

Retro Control-Editor 248 451.18 448.69 29 0.77 34326 [-14.44;19.41] .03 8.70

Note: BFy represents likelihood for the null hypothesis over the alternative.
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B.6. Decomposing Judge’s Score

B.6.1. GenAl Editor Change in Judges Score by Criteria for GenAl Editor Condition only

Table 32 Paired Samples t-test Comparing the Decomposed Judge’s Score in the Final versus Initial drafts
Avg. A t pvalue df 95% Confidence Cohen’sD  BFy;

Avg. Judge Score .78  6.99 <.001 177 [.56;1.00] .53 7.08¢7°
Clear Objectives 10.74 6.81 <.001 177  [7.63;13.85] Sl 1.81¢78
Content Quality 12.65 7.54 <.001 177  [9.34;15.95] 57 3.25¢710
Feasibility 5.89 393 <.001 177  [2.93;8.85] .30 8.27¢73
Student Appeal 9.53 5.79 <.001 177 [9.53;12.78] 44 3.19¢7°

Note: BFy represents likelihood for the null hypothesis over the alternative.

B.6.2. Retrospective GenAI Change in Judges Score by Criteria for Retrospective GenAI Condition only

Table 33 Paired Samples t-test Comparing the Decomposed Judge’s Score in the Final versus Initial drafts

Avg. At pvalue df 95% Confidence Cohen’s D BFy;

Avg. Judge Score .68  8.13 <.001 229 [.51;.84] 54 4.48¢712
Clear Objectives 10.19 8.63 <.001 229 [7.86;12.51] 57 1.90¢~13
Content Quality 10.60 8.11 <.001 229 [8.02;13.17] 54 5.20e~10

Feasibility 4.67 3.64 <.001 229  [2.14;7.20] 24 2.36¢72
Student Appeal 847 621 <.001 229 [5.78;11.16] 41 3.02¢77

Note: BFy represents likelihood for the null hypothesis over the alternative.

B.7. Retrospective GenAl vs. GenAl Conditions

Comparing the outcomes from the Control condition run through the same GenAl prompt and the GenAl final versions.

Table 34 Retrospective GenAl: Independent Samples t-test Comparing Avg. Judge’s Score Between Conditions

Difference Est.1 Est.2 t pvalue df  95% Confidence Cohen’s D BFy

Ret.Control-Editor 0.01 6.10 6.09 0.08 0.94 36534 [-0.15;0.16] 7.88¢ %" 9.02
Ret.Control-Drafter 0.24 6.10 586 273 0.01 484.92 [.07;.41] .25 .38

Note: BFy represents likelihood for the null hypothesis over the alternative.
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Table 35 OLS Regression Predicting Different Avg. Judge Score - Retrospective GenAl

Dependent variable:

Avg. Judge’s Score

(1) (2) (3)
Intercept 6.18"* 5.97** 5.81%*
(.08) (.27) (.28)
Known Al Use -.02 -.05 12
(.10) (.10) (.15)
Al Drafter -.22F -21* -.13
(.09) (.09) (.15)
Tenure -.01 -.01% .003
(.005) (.01) (.01)
Task Comfort .003 .003
(.003) (.003)
Task Difficulty —-.003 —-.003
(.002) (.002)
Experience w/ Al .03 .03
(.04) (.04)
STEM -.01 -.02
(.08) (.08)
Al Used*Tenure -.02
(.01)
Al Drafter*Tenure -.01
(.01)
Observations 689 689 689
R? .02 .03 04
Adjusted R? 01 02 .03
Residual Std. Error .98 (df = 685) .98 (df = 681) .98 (df = 679)
F Statistic 436" (df = 3;685) 3.00" (df =7;681) 2.98* (df=9; 679)

Note: *p<0.05; *p<0.01; **p<0.001
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B.8. Miscalibration of Change

Table 36 Independent Samples t-test Comparing the Predicted Score Change Versus Actual Score Change

Difference Est.1 Est.2 t pvalue df  95% Confidence Cohen’sD  BFy;

Drafter-Editor 1.01 2037 1936 0.44 0.66 344.35 [.49;1.14] .50 1.22¢7%

Note: BFy represents likelihood for the null hypothesis over the alternative.
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B.9. Robustness Checks

B.9.1. Those with the only middle 95% of the number of words composed The two tables below represent the

analysis of our main depenent variables, excluding those in the highest and lowers percentile of words submitted.

Table 37 OLS Regression Predicting Productivity - Robustness Check 1

Dependent variable:

Log(Productivity) Avg. Judge’s Score  Log(Time On Task)

(1) (2) 3)
Intercept —4.07** 5.16™ 5.72%
(.24) (.27) (.23)
Al Used 21F .69 -.07
(.09) (.10) (.08)
GenAl Drafter .02 -.09 -.05
(.08) (.10) (.08)
Tenure -.01 -.02%* .005
(.005) (.01) (.004)
Task Comfort -.002 .01 .002
(.002) (.003) (.002)
Task Difficulty -.002 —-.001 .001
(.001) (.002) (.001)
Experience w/ Al .06 -.01 -.07"
(.03) (.04) (.03)
STEM -.06 .02 .07
.07 (.08) (.07)
Observations 653 653 658
R? .03 11 02
Adjusted R2 .02 .10 .01
Residual Std. Error .86 (df = 645) .98 (df = 645) .82 (df = 650)
F Statistic 3.18 (df =7; 645) 10.93** (df = 7; 645) 1.72 (df = 7; 650)

Note: *p<0.05; **p<0.01; ***p<0.001
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Table 38 OLS Regression Predicting Experience - Robustness 1

Dependent variable:

Control ~ Responsibility ~ Creativity
(1) (2) 3)
Intercept 50.30"* 49.16™* 30.97
(4.69) (5.21) (5.73)
Al Used —10.56"** —9.75%* -3.19
(1.72) (1.92) (2.11)
GenAlI Drafter —1.18 —-6.97* —16.83***
(1.66) (1.84) (2.03)
Tenure .05 .08 14
(.09) (.10) (1D
Task Comfort 38% 407 42
(.05) (.05) (.06)
Task Difficulty -.01 .05 157
(.03) (.03) (.04)
Experience w/ Al 1.38* .89 1.93*
(.65) (.72) (.80)
STEM .66 2.29 1.05
(1.35) (1.50) (1.66)
Observations 658 658 658
R? 20 21 24
Adjusted R? .19 .20 23
Residual Std. Error (df = 650) 16.79 18.66 20.53
F Statistic (df = 7; 650) 22.57 24,727 29.75%

Note:

*p<0.05; **p<0.01; ***p<0.001
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