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Abstract. The use of large language models (LLMs) has grown rapidly over the past few years, especially in health care, where
documentation burden remains a persistent problem for practicing clinicians. However, despite the deployment of many ambient
scribes for documentation, it is still unclear how LLMs impact those who work with them. Across two preregistered studies, we
examine how this shift—from writing documentation to editing an LLM-generated draft—impacts workers. We study this “first
draft problem”: eliminating the blank page does not remove the work of documentation but relocates it into revising and editing. In
Study 1, an online experiment with 16 clinicians producing documentation following a teletherapy patient encounter, we establish the
puzzle: counter to our hypotheses, editing an LLM-generated draft of the documentation as opposed to writing it from scratch does
not result in time savings or quality improvements on average. Instead, while some clinicians experience no time savings but large
improvements in quality after making substantial revisions, others experience meaningful time savings and no change in quality after
making limited revisions. In other words, we observe significant heterogeneity in how clinicians engage with the same draft, which
leads to variation in productivity and quality. In Study 2, a lab experiment with 100 university students summarizing video interviews,
we unpack the mechanisms underlying this heterogeneity using granular keystroke logs, validated self-reports of workload, and
micro-level physiological and eye-tracking measurements. In this setting, we find the expected productivity improvements: editing
reduces task completion time by roughly 70%, raises quality, and lowers self-reported workload. Yet the physiological evidence
tells a more nuanced story. Physiological markers indicate that fatigue accumulates faster when editing an LLM-generated draft
than when writing from scratch. Thus, we find that (a) time savings can be real, but are setting dependent; (b) quality improvements
are possible, but the relationship between how heavily a draft is revised and the quality of the result differs sharply across our two
settings; and (c) while editing an LLM draft lowers reported cognitive load, the body still tires faster over time.
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1. Introduction

From lawyers to scientists and from journalists to clinicians, many professions in today’s knowledge

economy spend a large part of their work writing documents. Given this importance of writing

and the large opportunity costs of the writers, the past decades have produced a stream of tech-

nologies aiming to improve the productivity of the writing process. Word processors, real-time

spell and grammar checking, and voice dictation are examples of such technologies, yet they all

pale in comparison to the latest innovation in this area—large language models (LLMs). With the

widespread adoption of ChatGPT and similar chatbots built on LLM technology, millions of lay

and professional writers face the same question: “Should I write the document from scratch (a blank

page) or should I ask an LLM to propose a first draft and then focus on editing and improving it?”

We empirically study this choice, writing versus editing, in the domain of health care. Although

LLMs have many potential applications in health care operations, including diagnostics and treat-

ment (Meincke et al. 2026, Su et al. 2025), the task of drafting clinical documentation is widely

seen as the least controversial and lowest-hanging fruit (Roberts 2024). Rather than summarizing a

patient encounter by starting with a blank page, clinicians—in our case, mental health professionals

providing teletherapy—use an audio recorder to capture what was said during the encounter (a

practice referred to as ambient listening). They then rely on an LLM to turn this audio into a first

draft of the notes, which they can decide to edit or not. Such an LLM-assisted workflow (Patward-

han et al. 2025) holds the promise of saving time, improving productivity, and thereby helping to

address the ongoing burnout and attrition problem of the clinical workforce (Apathy et al. 2023).

Given this potential, many such applications are currently being piloted in practice (Duggan et al.

2025, Olson et al. 2025, Sanmark et al. 2025).

From an operations management perspective, the documentation task of preparing the visit

summary note consists of two subtasks: (1) writing an initial note and (2) revising and editing the

note until a certain quality target is met. The promise of the LLM technology as applied to this type

of clinical documentation is simple: eliminate the first subtask in the hope that the time spent on the

second does not grow enough to offset the savings. We call this tension the “first draft problem”:

eliminating the blank page by using an LLM does not remove the work of documentation, but rather

relocates it into the second subtask of revising and editing. The chief aim of our work is to compare

(a) the workflow resulting from clinicians writing the documentation from scratch (henceforth

referred to as the “writing condition”) with (b) the workflow of using an LLM to generate a first
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draft and then editing and revising the document until the clinician is willing to accept the quality

of the document (henceforth referred to as the “editing condition”).

Whereas prior studies focus primarily on task completion time, we compare the writing condition

and the editing condition across four dimensions:

1. Productivity: Following the argument of several prior studies investigating the impact of

LLMs on productivity, including customer support (Ni et al. 2025, Brynjolfsson et al. 2025), idea

generation (Meincke et al. 2024), and management consulting (Dell’Acqua et al. 2026), we compare

the total time taken to complete and submit the summary note across the two conditions.

2. Quality: In addition to measuring the time to complete the note, we compare the actual

summary notes that are submitted under the two conditions. Specifically, we assess the length of

the summary note and evaluate its content as our measure of documentation quality.

3. Workflow: With the introduction of the new LLM technology, workers are likely to adjust the

way in which they organize and sequence their work. For example, they may work faster throughout,

increase the idle time between subsequent cases, or spend more time revising than adding content.

In other words, as we move from the writing to the editing condition, we expect more aspects of the

workflow to change beyond just eliminating the subtask of writing the initial note. We track these

shifts using granular keystroke and editing logs.

4. Cognitive load and fatigue: Engaging with the new LLM technology is also likely to impact

the cognitive load and fatigue experienced by the workers. For example, the cognitively easy parts

of the task may be accomplished by the LLM, leaving the more effortful work for the worker.

This would raise concerns about provider well-being and long-term sustainability, with direct

implications for how managers set case loads after adopting LLM technologies. Furthermore, a

worker’s physiological response may diverge from their perceived cognitive load in important ways.

We assess each of these aspects across the two conditions.

The empirical results reported in this paper come from two preregistered experiments. In Study 1,

we recruited 16 experienced clinicians providing teletherapy care. Each clinician completed two

documentation cases—one writing from scratch and one editing an LLM-generated draft—with

condition order and case assignment randomized. We then observed their productivity and the

quality of the documentation they produced.

While Study 1 focuses on replicating an experimental setting as close to the real work environment

as possible (with real clinicians, real patient cases, and a clinically relevant task), the focus of

Study 2 is on obtaining data at a more granular level to assess changes in workflow and in cognitive
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load and fatigue. For that, we created an artificial documentation task of preparing a video interview

summary that was completed by 100 students in a laboratory environment. In this controlled

setting, we measure and track keystrokes to capture workflow. We also utilize biosensors (including

video-based eye trackers, ear-clip photoplethysmography (PPG) sensors, and electrodermal activity

electrodes) to measure physiological responses such as heart rate, pupil dilation, and fixation length

to assess cognitive load and fatigue.

Applying this four-pronged framework, with its novel perspective on the micro-level execution

of the documentation task, we establish four findings.

First, on productivity, the time savings promised by LLM assistance are real but highly setting-

dependent. In Study 1, editing an LLM-generated draft yields no reduction in average completion

time relative to writing from scratch; instead, we find large heterogeneity across clinicians, with

some completing the note faster by writing and others faster by editing. In Study 2, the gain predicted

by prior work does materialize: students working from an LLM draft complete tasks in roughly

70% less time on average.

Second, on quality, the gains are possible but not uniform. In Study 1, there is no significant

difference in documentation quality on average, yet among clinicians who edit, those who revise the

draft more heavily produce higher-quality notes. In Study 2 this relationship reverses: documentation

quality is higher on average when editing an LLM-generated summary compared to writing from

scratch, and students who revise more heavily produce lower-quality summaries.

Third, on workflow, the shift from author to editor changes not only how much time the task takes

but how that time is spent. Keystroke logs from Study 2 show that editing reallocates effort away

from composing text and toward reviewing and selectively revising the draft. When writing from

scratch, students spend 55% of task time actively producing text, 38% reviewing the text without

altering, and 7% deleting text; when editing, these shares change to 18%, 76%, and 6% respectively,

and students navigate the document at more than double the click rate. The text work that remains

tilts from production toward correction: students delete 81 characters for every 100 characters they

add when editing, compared with 14 when writing. Yet these revisions are selective rather than

extensive—the median submission removes only 1.4% of the draft’s characters and retains a cosine

similarity of 0.98 to the LLM draft—confirming that the transition reorganizes the task rather than

simply removing its first subtask.

Fourth, on cognitive load and fatigue, perception and physiology diverge. Students self-report

substantially lower cognitive load when editing compared to writing. Our biosensor data, however,
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tell a more cautionary story: fatigue accumulates faster when editing than when writing. In other

words, editing feels easier even as several physiological markers suggest it is more taxing over

sustained use.

Altogether, our findings show that LLM assistance does not simply speed up an unchanged task;

it reconstitutes it, shifting the worker from author to editor and redistributing the costs and benefits

of documentation across different margins. This is the first draft problem in practice: the blank

page disappears, but the burden it represented does not. Rather, it is redistributed from writing

into editing and from perceived effort into physiological strain. We do not dispute the claim that

LLMs can help with clinical documentation and writing. Rather, we locate the uneven gains and

hidden costs that determine where, and for whom, that help appears. In doing so, this paper makes

three contributions: it introduces a methodology that pairs physiological and eye-tracking measures

with validated self-reports to assess the cognitive load of LLM-assisted work; it shows that the

productivity gains documented in controlled settings need not carry over to professional, high-

stakes documentation; and it documents that the relationship between revision intensity and quality

can reverse across settings, so that more editing is not reliably better editing.

The remainder of the paper proceeds as follows. Section 2 reviews the related literature and

develops our hypotheses. Section 3 presents Study 1, the online experiment with clinicians, and

Section 4 presents Study 2, the lab experiment with students. Section 5 concludes.

2. Related Literature and Hypotheses

Our work sits at the intersection of three streams of literature. The first studies human-AI collabo-

ration and task allocation in operations, examining how humans and algorithms divide, delegate,

and monitor work (Fugener et al. 2022, 2025, Boyacı et al. 2024, Dell’Acqua 2022). We contribute

micro-level evidence on what happens after the delegation: how workers reorganize their effort

when the machine takes over the first draft. The second stream measures the productivity effects

of LLMs in lab and field settings (Noy and Zhang 2023, Brynjolfsson et al. 2025, Ni et al. 2025,

Dell’Acqua et al. 2026). Relative to this work, we show that average effects mask substantial het-

erogeneity across settings and workers, and that realized gains hinge on how users revise the draft.

The third stream studies workload, fatigue, and their operational consequences in service settings

(Corbett 2024, Bavafa and Jonasson 2023, Liu et al. 2026). We extend its measurement toolkit by

pairing validated self-reports with continuous physiological and eye-tracking measures—and show

that the two can diverge.
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2.1. Time savings from LLM-generated drafts

The case for large time savings rests on a simple assumption: creating new text is the most time-

consuming part of documentation, and the draft removes the need to do so. Noy and Zhang (2023)

provide clean results in their lab experiment, where professionals given LLM drafts completed

writing tasks much faster and with higher quality. Documentation settings should be especially

favorable: such tasks are formulaic by nature, and frontier models approach expert parity (Patward-

han et al. 2025). Thus, if revisions are minimal, the time saved by not needing to write from scratch

should be the dominant effect. Field evidence is consistent with this prediction—early deployments

of ambient scribes reported large time savings and decreased burden (Duggan et al. 2025, Olson

et al. 2025, Pearlman et al. 2025, Sanmark et al. 2025). We therefore predict:

HYPOTHESIS 1. Editing an LLM-generated draft versus writing from scratch reduces the time

needed to complete a documentation task.

At the same time, when deployed at scale, productivity gains are heterogeneous across workers,

tasks, and settings (Brynjolfsson et al. 2025, Ni et al. 2025, Dell’Acqua et al. 2026). This holds in

documentation settings as well; models that write fluently still fall short in real clinical workflows

(Kupferschmidt et al. 2025). The reason lies in what happens after the draft is handed over: it

may still contain hallucinations, errors, and biases (Maynez et al. 2020, Shah 2024, Chen et al.

2025), and when the stakes of a missed error are high, revision absorbs more of the time the LLM

should have saved. This tension is not new—speech recognition also promised time savings for

documentation, but delivered mixed efficiency results while introducing errors for clinicians to

catch (Hodgson and Coiera 2016). Our two settings differ along exactly this dimension of stakes:

professional documentation by clinicians carries high stakes for errors while lab summaries by

students do not. This contrast lets us examine whether productivity gains are consistent across

settings and task difficulty.

2.2. Quality of the resulting documentation

When working with an LLM-generated draft, the average quality of documentation should increase.

First, it should establish a floor for quality by providing the base documentation note; as a result,

workers who would otherwise perform below that floor are raised to it (Noy and Zhang 2023, Bayer

and Renou 2024, Cui et al. 2026). This is especially true as LLM-generated drafts approach expert

parity on documentation tasks (Patwardhan et al. 2025). Second, a human-in-the-loop should make

further edits only when they judge that those edits improve the draft. We therefore predict:
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HYPOTHESIS 2. Editing an LLM-generated draft versus writing from scratch improves the

quality of the completed documentation.

This prediction rests on the assumption that human revisions add value, which may not necessarily

be true. In some prior work, research has shown that inexperienced workers using LLMs produce

lower-quality revisions and worse outcomes (Otis et al. 2024, van Buchem et al. 2024).

2.3. Composition of work

When provided with an LLM-generated draft, the worker’s role shifts from author to editor. How

workers balance the resulting allocation of effort between writing and editing is a primary driver

of their productivity with the draft (Fugener et al. 2022, 2025): when the model provides the first

draft, the only work remaining is revision. In clinical documentation specifically, the volume of text

written and revised is already tied to documentation burden, with more writing corresponding to

greater burden and lower efficiency (Apathy et al. 2023).

While the first two hypotheses test aggregate outcomes, they do not test the mechanism that creates

them. Two workers can produce similar quality and time savings through very different workflows.

We therefore focus on the workflow itself as part of the impact of working with LLM-generated

drafts and predict:

HYPOTHESIS 3. Editing an LLM-generated draft versus writing from scratch shifts effort away

from creating new text toward revising and reviewing existing text.

2.4. Cognitive load and fatigue

Finally, if editing changes the workflow of documentation, it also changes the cognitive load that

workflow creates. Cognitive load is an operational outcome in its own right: workers under higher

load take longer on tasks and produce lower and more variable quality (Corbett 2024, Bavafa and

Jonasson 2023), and sustained load is a key driver of attrition over time (Liu et al. 2026). The case

that a draft lowers load is direct: LLM ambient documentation tools reduce the amount clinicians

need to write (Duggan et al. 2025, Olson et al. 2025), and workers given an additional LLM

teammate report more positive emotions (Dell’Acqua et al. 2025).

That case has two distinct implications, corresponding to two related but separable constructs.

Cognitive load is the demand a task places on the worker at a given moment: if the draft removes

the work of composing text, each task should feel less demanding while it is performed. Fatigue

is the state that develops with time on task, as sustained effort erodes the worker’s capacity to

mobilize attention. Documentation is sustained work—clinicians complete case after case—so if a
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draft genuinely lightens the work, it should not only lower the load of each task but also slow the

rate at which fatigue builds across them. We therefore predict:

HYPOTHESIS 4A. Editing an LLM-generated draft versus writing from scratch lowers the

cognitive load perceived by the worker.

HYPOTHESIS 4B. Editing an LLM-generated draft versus writing from scratch slows the rate

at which fatigue accumulates over sustained work.

Testing these predictions requires measuring both constructs. Existing evidence on LLMs and

worker well-being relies primarily on self-reports, so we measure perceived cognitive load using the

NASA-TLX and Paas mental effort scales (Spiliotopoulou et al. 2026, Hart and Staveland 1988, Paas

1992). Fatigue, by contrast, is a trajectory rather than a level, and we track it through physiological

signals recorded continuously as the work unfolds. Appendix A describes these measures and

their interpretation. Importantly, the two types of measures need not agree: perceived effort and

physiological strain can diverge, and we treat them as complementary rather than interchangeable.

The counterargument to both hypotheses is that editing carries cognitive load costs of its own,

as workers still need to revise a draft they did not write. Revising work that one did not write

creates higher cognitive load than revising one’s own work (Boyacı et al. 2024). Sustained LLM

collaboration is also associated with reduced well-being through a lack of human connection, which

itself feeds back into cognitive load (Tang et al. 2023, Kim and Lee 2024, Spiliotopoulou et al.

2026). Finally, reviewing a draft that looks “good enough” can invite workers to “fall asleep at the

wheel” (Dell’Acqua 2022); supervision may look passive, but it requires sustained vigilance that is

difficult to maintain over time (Shaw and Nave 2026).

On balance, however, we expect the provision of an LLM draft both to lower cognitive load and

to slow the accumulation of fatigue: eliminating the need to write should outweigh the added load

of supervision and revision.

3. Study 1: Online Study with Clinicians

Study 1 with clinicians and Study 2 with students share the same within-participant design: each

participant completes one task writing from scratch and another editing an LLM-generated draft.

Each hypothesis is thus tested through within-participant contrasts between the two conditions.
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3.1. Study Design and Sample Population

Our first experiment is an online study with mental health clinicians providing teletherapy. We

recruit 16 licensed and practicing clinicians and ask them to complete a two-hour study remotely

on their own computers. They are compensated at $200 per hour ($400 total), which is delivered

as an Amazon gift card after the completion of the study. Clinicians are also told that all responses

will be reviewed for quality and that the top two participants will receive a $100 bonus. The study

took place from January 2025 to March 2025, and the design, sample size, and analysis plan were

preregistered on AsPredicted (#207660).1

All recruited clinicians actively practice cognitive behavioral therapy (CBT), an evidence-based

modality primarily used for treating depression and anxiety. In practice, these clinicians perform

a teletherapy patient intake interview on their first encounter. Each interview is an hour long and

consists of a conversation between a patient and a clinician, following CBT guidelines. Specifically,

the teletherapy intake interview follows the Anxiety and Related Disorders Interview Schedule

(ADIS), a semi-structured clinical interview designed to diagnose anxiety, depression, and other

related disorders. After the intake interview is conducted, clinicians are responsible for two pieces

of documentation: (i) a patient interview summary, which we refer to as the case summary, and

(ii) a list of patient top problems, which we refer to as top problems. The case summary is a 300

to 600 word summary of the teletherapy interview covering the main takeaways and concerns. The

top problems are a ranked list of up to three problems (such as social anxiety or depression), each

given a severity score from 1 to 10, with 10 being the highest severity.

Clinicians are asked to complete two sets of documentation for two different teletherapy patient

cases. As described above, this includes a case summary and top problems. Each patient case

consists of a complete transcript of a real, de-identified teletherapy intake interview between an

adolescent and the practicing clinician.

The entire study flow can be seen in Figure 1. At the very beginning of the study, we show

clinicians a sample set of documentation of the case summary and top problems. They are told that

each case will take approximately 60 minutes to complete and that they are not able to step away

from their device once they begin a patient case. For one of the two cases, clinicians must create

the set of documentation by writing from scratch in the provided text box. We will refer to this

as the writing condition. For the other case, clinicians are asked to edit an LLM-generated draft

1 The preregistration specified that all collected sets of documentation would be retained for a future assessment of quality, but did
not explicitly hypothesize about quality.
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Figure 1 Study 1: Experimental flow

Note. Each gray block depicts a segment of the study in which clinicians complete one documentation case. The order of the writing
and editing conditions, and the assignment of patient cases to conditions, are randomized across clinicians.

which pre-populates the text box. We will refer to this as the editing condition. For each case, when

viewing the teletherapy interview transcript, clinicians are able to take notes that will then appear

on subsequent pages. The text box for submitting the case summary is on the next page, and the text

box for submitting top problems is on the page after that. Each clinician completes both cases; the

order of conditions and the assignment of patient cases to conditions are both randomized. Between

the two cases, clinicians arrive at a midpoint break page where they are able to take a break prior to

proceeding with the second case. At the end of the study, clinicians are asked to complete an exit

questionnaire where we ask how useful the provision of a draft was in their documentation process.

To create the LLM-generated draft for clinicians to edit, we created a custom GPT bot built

on GPT-4o in January 2025, the newest available model at the time. The bot was provided ADIS

interview guidelines, a sample teletherapy interview transcript, and a sample set of documentation

for that transcript. Then, it was given each of the two new teletherapy interview transcripts separately

and asked to generate a set of documentation for each according to the guidelines and the sample

documentation set.

3.2. Outcome Measures

The survey is deployed using Qualtrics, with JavaScript to record timestamps, completion times,

and time on task. We can observe when clinicians leave the tab or open another window. We also

inform them that copy and paste is disabled, so all work should be done in the Qualtrics window

where time is tracked, rather than on another tab or window.

Completion time is the number of seconds a clinician is actively on the Qualtrics tab while

producing a given piece of documentation, measured separately for the case summary and for the

top problems.

Quality is scored after the study by two independent LLM graders, Claude and Gemini. To grade

the patient interview summaries, we apply a fixed rubric with five dimensions (factual accuracy,

coverage of core ideas, compression quality, structure, and insight) for a maximum possible score
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of 100, and average the grades from Claude and Gemini.2 As ground truth for grading, we use the

documentation actually submitted by the clinician who saw the patient; this documentation was

also reviewed by a CBT expert for accuracy. To grade top problems, we use the true top problems

for the patient case, assigning one point for each of the three correctly listed top problems, for a

maximum possible score of 3.

3.3. Empirical Strategy

We analyze within-participant differences between the editing and writing conditions for completion

time (to test Hypothesis 1) and for quality (to test Hypothesis 2). To account for the order in which

conditions were completed and for which patient case was assigned to each condition, we use fixed

effects for patient case and block order. For clinician 𝑖 producing documentation for patient case 𝑐,

we estimate:

Y𝑖𝑐 = 𝛽0 + 𝛽1 Edit𝑖𝑐 + 𝛾𝑐 +𝜆𝑜(𝑖) + 𝜀𝑖𝑐, (1)

where Y𝑖𝑐 is the outcome of interest for clinician 𝑖 on case 𝑐. Edit𝑖𝑐 is an indicator that equals 1

if clinician 𝑖 completes case 𝑐 in the editing condition and 0 in the writing condition, 𝛾𝑐 is the

patient-case fixed effect, 𝜆𝑜(𝑖) is the block-order fixed effect, and 𝜀𝑖𝑐 is the error term, which is

clustered at the participant level. We estimate Equation 1 separately with completion time and with

the quality score as the outcome, each measured for the case summary and for the top problems. In

all estimations, the parameter of interest is 𝛽1. Under Hypothesis 1, we predict 𝛽1 < 0 for completion

time. Under Hypothesis 2, we predict 𝛽1 > 0.

3.4. Results

3.4.1. Participants and Analysis Sample We preregistered two exclusions: (i) participants

who leave the browser tab for more than 30 minutes while on the webpage for drafting either the

case summary or top problems, and (ii) participants who spend less than five minutes total on

writing or editing across the entire study. No participant left the tab for more than 30 minutes or fell

below the five-minute threshold, and one participant was excluded for a browser glitch that locked

them out of the study prematurely. We collected data until we had 16 participants total who were

not excluded.

2 The full rubric for quality is provided in Appendix B.
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3.4.2. Impact on Productivity We do not find a significant difference in completion time

between the editing and writing conditions. Table 1 reports the corresponding estimates of 𝛽1 in

Equation 1. On average, clinicians in the editing condition spend 205.38 fewer seconds drafting

summaries and 87.00 fewer seconds drafting top problems, but both estimates carry large standard

errors and neither is statistically significant. Thus, we fail to reject the null for Hypothesis 1.

Table 1 Study 1: Effect on completion time and output length

Completion time (seconds) Output length (words)

(1) (2) (3) (4) (5)
Case summary Top problems Notes Case summary Top problems

Editing −205.38 −87.00 −60.38 178.56*** −2.81
(249.84) (78.92) (68.41) (35.66) (3.97)

Writing condition mean 1,532.39 218.63 172.56 420.69 35.12
Editing condition mean 1,327.01 131.63 112.19 599.25 32.31

Number of observations 32 32 32 32 32
Number of participants 16 16 16 16 16
Patient case fixed effects Yes Yes Yes Yes Yes
Block order fixed effects Yes Yes Yes Yes Yes

Notes. Standard errors clustered at the participant level are in parentheses. Coefficient
reports the effect of being in the editing condition (𝛽1 in Equation 1); the writing condition
is the reference condition. + 𝑝 < 0.1, ∗ 𝑝 < 0.05, ∗ ∗ 𝑝 < 0.01, ∗ ∗ ∗ 𝑝 < 0.001.

Figure 2 Study 1: Within-participant differences in completion time between conditions

Note. Each point is the within-participant difference in completion time (editing condition minus writing condition) for one clinician,
and each boxplot reports the 25th, 50th, and 75th percentiles of the 16 participants. Points below zero indicate that the clinician was
faster in the editing condition.

The null average masks substantial heterogeneity. For case summaries, 9 of 16 clinicians are

faster in the editing condition, while 7 are faster in the writing condition. For top problems, 10

clinicians are faster in the editing condition, while 6 clinicians are faster in the writing condition.

Figure 2 plots the distribution of the differences between the editing condition and the writing
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condition: clinicians who fall below the zero line spend less time in the editing condition, while

those who fall above the zero line spend less time in the writing condition. The median is close to

zero for both parts of documentation, and a single outlier clinician spends nearly one hour longer

writing than editing. Further exploratory analysis does not suggest that this heterogeneity can be

explained by the clinician’s level of experience. The distribution makes clear that the effect of an

LLM-generated draft depends on how the clinician chooses to work with it, and that choice is

visible in the output: summaries in the editing condition are 178.56 words longer than those written

from scratch (Table 1, column (4)), suggesting that clinicians retain much of the comprehensive

draft rather than rewriting it to their own length.

3.4.3. Impact on Quality Hypothesis 2 predicts that editing improves the quality of what

clinicians produce. We find that, on average, it does not. Table 2 reports the differences in quality

in the editing condition versus the writing condition, with patient interview summaries from the

editing condition scoring only 0.97 points lower than those in the writing condition. There is also

no significant average change in the quality scores for top problems. Similar to what we observed

with completion time, the null average masks heterogeneity: for case summaries, 9 of 16 clinicians

score higher in the editing condition and 7 score higher in the writing condition (Figure 3). Thus,

we also do not find support for Hypothesis 2.

Table 2 Study 1: Effect on quality

(1) (2)
Case summary (0–100) Top problems (0–3)

Editing −0.97 0.00
(1.18) (0.21)

Writing condition mean 85.22 2.25
Editing condition mean 84.25 2.25

Number of observations 32 32
Number of participants 16 16
Patient case fixed effects Yes Yes
Block order fixed effects Yes Yes

Notes. Standard errors clustered at the participant level are in
parentheses. Coefficient reports the effect of being in the editing
condition (𝛽1 in Equation 1); the writing condition is the reference
condition. Case summary quality is assessed on a 0 (lowest) to
100 (highest) scale, and top problems quality is assessed on a 0
(lowest) to 3 (highest) scale. + 𝑝 < 0.1, ∗ 𝑝 < 0.05, ∗ ∗ 𝑝 < 0.01,
∗ ∗ ∗ 𝑝 < 0.001.

That said, for those in the editing condition, we find that case summary quality increases signif-

icantly when more revisions are made (captured by lower cosine similarity to the draft; 𝑝 < 0.05).
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Figure 3 Study 1: Within-participant differences in quality between conditions

Note. Each point is the within-participant difference in the quality score (editing condition minus writing condition) for one clinician,
and each boxplot reports the 25th, 50th, and 75th percentiles of the 16 participants. Points above zero indicate higher quality in the
editing condition.

Figure 4 Study 1: Quality versus cosine similarity to the LLM-generated draft, editing condition only

Note. Each point is one submitted case summary from the editing condition (𝑁 = 16), with the line showing the fitted regression.
Higher cosine similarity indicates lighter editing.

Figure 4 plots quality against cosine similarity against the LLM-generated draft for case summaries

created in the editing condition. We find that quality falls by 1.8 points (out of 100) for every 0.1

increase in cosine similarity. Summaries above the median quality score are 0.23 lower in cosine

similarity than those below it. We do not find the same pattern for top problems in a statistically

significant manner. In other words, quality in the editing condition depends on how much the

clinician is willing to change the draft of the case summary.

3.5. Clinician Perceptions of the LLM-Generated Draft

At the conclusion of Study 1, clinicians responded to exit questionnaires asking about their per-

ceptions of working with LLM-generated drafts. The most common positive themes are that the

LLM-generated draft serves as an effective foundation (11 mentions) and speeds up the workflow

(10 mentions). Some also mentioned that the provided draft was more comprehensive than one they
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would have written from scratch (4 mentions), in line with the significantly longer case summaries

in the editing condition. There were negative themes as well: concerns about accuracy and confir-

mation bias (8 mentions), a mismatch in writing style (7 mentions), and feeling constrained by the

template the draft creates (6 mentions).

In addition, when asked directly, just over half of clinicians (56%) said they preferred having

the draft, while 31% reported mixed feelings and 13% preferred working without it. These mixed

perceptions are consistent with the heterogeneity in time and quality in Study 1: clinicians who

scrutinize the draft’s accuracy need more time to revise it.

Thus, Study 1 leaves us with a puzzle: some clinicians reaped large benefits from the LLM-

generated draft, while others saw small or even negative returns. This variability produced null

average effects for both time and quality. Clinicians’ own assessments split the same way, with just

over half preferring to have the draft. When provided a draft, the clinician’s role inherently changes

from writer to editor, and the way clinicians respond to this change drives the large differences

in impact. Some perform very light revisions, while others rewrite multiple sections. The relevant

question, then, is not whether an LLM can save time overall, but how the human cost of verification

factors into the changed work.

Working with the draft clearly imposes a real cognitive load, but without physiological mea-

surements we cannot observe how large that load is. This, combined with the large heterogeneity

in time and quality differences, motivates Study 2, which examines the micro-level details of how

people work with LLM-generated drafts.

4. Study 2: Lab Study with Students
4.1. Study Design and Sample Population

Our second experiment is an in-person lab study with university students, designed to capture the

micro-level interactions underlying changes in the composition of work, in cognitive load, and in

the fatigue that accumulates over sustained work. We recruit 100 students through the university

lab subject pool, and each student completes a single in-lab session consisting of two back-to-back

45-minute blocks of continuous work in which they summarize video interviews.

Each student receives a base payment of $30, with a $0.50 bonus for each completed summary

and a bonus of $100 if their summaries are later rated to be in the top 10% quality of all summaries.

The study took place from January to March 2026, and the design, sample size, and analysis plan

were preregistered on AsPredicted (#267782).
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Figure 5 Study 2: Experimental flow

Note. Each gray block depicts a segment of the study in which students summarize a series of five-minute video interviews. The
order of the writing and editing blocks is randomized across students.

The full study flow can be seen in Figure 5. At the very beginning of the study, we calibrate the

eye-tracking device to the student’s height and seating distance. We also apply a clip on their earlobe

to capture heart rate. Next, students receive instructions for the tasks they will complete and view an

example five-minute video interview and read the corresponding example summary. Each interview

is a pre-recorded five-minute video interview in which a student research assistant (RA) answers

questions about student life (Appendix C), and the video interviews are stored in an interview

bank of 18. Students then complete the summarization tasks in two blocks, one per condition, in a

randomized block order. In one block, students are provided a blank text box and asked to write the

summary from scratch. In the other block, students are provided an LLM-generated draft and asked

to revise the draft until they are satisfied with the summary. To create the LLM-generated draft,

we used GPT-5.2 Pro (December 2025), the newest available model at the time. Video interviews

shown in each block are drawn from the interview bank. In both conditions, students may take notes

while watching the interview.

While students work, a timer is visible at the top of the page, counting down the 45 minutes

second by second. Once the timer reaches zero, students are automatically moved to the next block.

Students continuously receive new summarization tasks from the video interview bank until the

timer ends, so students always have a task in front of them rather than racing to finish a fixed

set. In addition, after each task, they are asked to rate their mental effort on the Paas scale (Paas

1992). Students also complete a NASA Task Load Index (NASA-TLX) workload questionnaire, a

more in-depth measure of cognitive load, at the conclusion of each block. The session ends with

an exit questionnaire.3 Students work in a controlled lab environment that is identical across the

session and across students, which should remove exogenous shocks to their physiological state,

and the task pages are identical across conditions and tasks so that the interface itself does not affect

physiological responses. This design allows us to study within-student contrasts with the source

material held constant across conditions.
3 See Appendix D for the questions and the corresponding scales.
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Figure 6 Study 2: Sample draft interaction record, by condition

Note. Each panel overlays one summarization task from each condition for the same student. Solid lines show the editing condition
and dotted lines show the writing condition. The top panel plots the total character count of the summary field. The bottom panel
plots the number of clicks.

4.2. Outcome Measures

The survey interface is deployed on Qualtrics with JavaScript for keyboard and mouse tracking.

This allows us to record timestamps, completion times, keystrokes, clicks, and other interactions

for both the summary field and the notes field sampled at two-second intervals. The results are

granular enough to measure the work process, such as when students are writing versus editing. A

sample draft interaction record can be seen in Figure 6. In general, writing from scratch produces

a steady, monotonic accumulation of characters in the summary field, whereas editing produces

plateaus of little activity interspersed with short bursts of writing and revising. Both the rate of

clicking and amount of clicking are significantly higher when editing compared to writing. We also

use an iMotions clip on the ear for heart rate and a GazeScanner eye-tracking camera operated

through iMotions to measure eye movements and pupil dynamics.4

The preregistered primary outcomes capture productivity, workflow, cognitive load, and fatigue.

Productivity is captured by the overall time it takes to complete the summarization tasks. Workflow

has multiple components, including creation intensity (the number of seconds during which new

text is created), revision intensity (the number of seconds during which text is deleted), character

production rate (how quickly character count increases, in characters per minute), and click rate

4 Following the preregistration, we also collected electrodermal (skin-conductance) and blink data. Neither could be used: electrode
adherence varies with skin type, and blinks are frequently missed for students wearing glasses or contact lenses, so both measures
had systematically missing data. Thus, we do not report results from them in the paper, but the raw data are available from the
authors upon request.
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(the number of clicks per minute on the page). We also record the length of the notes and of the

submitted summary in characters, along with the number of sentences in each, captured through

sentence-ending periods.

Cognitive load and fatigue are measured separately, following the distinction drawn in Section 2.4.

Cognitive load is self-reported: students rate their mental effort on the Paas 9-point scale after each

task and complete the NASA-TLX scales at the end of each 45-minute block. Fatigue is captured

by the sensor measures, which are recorded continuously as students work (Boksem and Tops

2008, Hopstaken et al. 2015). Pupil diameter and mean fixation duration index fatigue through their

trajectories: pupil diameter declines and fixations lengthen as sustained effort accumulates (Beatty

1982, van der Wel and van Steenbergen 2018, Hopstaken et al. 2015, Rayner 1998, Schleicher et al.

2008). Heart rate, recorded from the ear clip, serves as a general index of physiological arousal (Jorna

1992, Malik et al. 1996) and is reported alongside the eye-tracking measures for completeness.

Because fixation duration also responds to momentary difficulty, and because any single signal is

ambiguous on its own, we interpret the sensor measures jointly and rely on trajectories rather than

levels. Appendix Table A.1 gives the interpretation and caveats for each measure.

Finally, output quality is scored after the session by Claude using the same five-dimension rubric

as in Study 1 (Appendix B), for a maximum possible score of 100. Each unique submitted text is

graded exactly once under a fixed deduction protocol that applies the rubric, so identical submissions

receive identical scores. These quality scores provide the Study 2 tests of Hypothesis 2.5

4.3. Empirical Strategy

We analyze within-participant differences between the editing condition and writing condition for

time (to test Hypothesis 1), for quality (to test Hypothesis 2), for workflow (to test Hypothesis 3),

and for cognitive load and fatigue (to test Hypotheses 4a and 4b). To account for differences

across video interviews and for the order of each block, we also use fixed effects for students, video

interviews, and block order; the phase-level sensor models additionally include task fixed effects.

Each table reports which fixed effects are included in its estimates. For student 𝑖 summarizing video

interview 𝑣 on task 𝑡, we estimate:

𝑌𝑖𝑣𝑡 = 𝛽0 + 𝛽1 𝐸𝑑𝑖𝑡𝑖𝑣𝑡 +𝛼𝑖 + 𝛿𝑣 + 𝜅𝑏(𝑖𝑡) + 𝜀𝑖𝑣𝑡 , (2)

where 𝑌𝑖𝑣𝑡 is the outcome of interest for student 𝑖 summarizing video interview 𝑣 as task number

𝑡 in sequence. For Hypothesis 1, 𝑌𝑖𝑣𝑡 is the total time in seconds the student takes to complete the

5 As in Study 1, the quality-scoring procedure was not preregistered and was conducted post hoc.
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summarization task. The same specification is also re-estimated with the quality, workflow, and

task-level workload outcomes described below to test Hypotheses 2–4b. The following notation is

used in all remaining equations in this section: 𝐸𝑑𝑖𝑡𝑖𝑣𝑡 is an indicator which equals 1 if student 𝑖

completes task 𝑡 in the editing condition and 0 in the writing condition, 𝛼𝑖 is the student fixed effect,

𝛿𝑣 is the video-interview fixed effect for video 𝑣, 𝜅𝑏(𝑖𝑡) is the block order fixed effect, and 𝜀𝑖𝑣𝑡 is the

error term, which is clustered at the participant level. In each estimation, the parameter of interest

is 𝛽1. We predict 𝛽1 < 0 under Hypothesis 1 and 𝛽1 > 0 under Hypothesis 2. Under Hypothesis 3,

we predict 𝛽1 < 0 for creation intensity and the character production rate, and 𝛽1 > 0 for revision

intensity. Under Hypothesis 4a, we predict 𝛽1 < 0 for the self-reported cognitive load scales (the

task-level Paas mental effort rating and the block-level NASA-TLX scales).6

To measure how outcomes change as students repeat summarization tasks, we first estimate

within-condition experience curves separately on the editing and writing samples:

𝑌𝑖𝑣𝑡 = 𝜆0 +𝜆1𝐶𝑜𝑛𝑑𝑇𝑎𝑠𝑘 𝐼𝑛𝑑𝑒𝑥𝑖𝑡 +𝛼𝑖 + 𝛿𝑣 + 𝜀𝑖𝑣𝑡 , (3)

where 𝐶𝑜𝑛𝑑𝑇𝑎𝑠𝑘 𝐼𝑛𝑑𝑒𝑥𝑖𝑡 is the within-condition task index, the count of summarization tasks

student 𝑖 has completed in the current condition. The parameter of interest is 𝜆1, the change in the

outcome per consecutive task within a condition.

To test whether that change differs between the editing and writing conditions, we estimate:

𝑌𝑖𝑣𝑡 = 𝛾0 + 𝛾1𝐶𝑜𝑛𝑑𝑇𝑎𝑠𝑘 𝐼𝑛𝑑𝑒𝑥𝑖𝑡 + 𝛾2 𝐸𝑑𝑖𝑡𝑖𝑣𝑡

+𝛾3 (𝐶𝑜𝑛𝑑𝑇𝑎𝑠𝑘 𝐼𝑛𝑑𝑒𝑥𝑖𝑡 × 𝐸𝑑𝑖𝑡𝑖𝑣𝑡) +𝛼𝑖 + 𝛿𝑣 + 𝜅𝑏(𝑖𝑡) + 𝜀𝑖𝑣𝑡 .

(4)

The parameter of interest is 𝛾3, which tests whether the across-task trend differs between the editing

and writing conditions. We estimate both specifications with task completion time, the workflow

measures, and the task-level Paas mental effort rating as outcomes.

Finally, to test Hypothesis 4b, we estimate minute-level within-block trajectories for the sensor

measures, which are continuously captured throughout the session:

𝑌𝑖𝑏𝑚 = 𝜃0 + 𝜃1𝑇𝑖𝑚𝑒𝑀𝑖𝑛𝑖𝑏𝑚 + 𝜃2 𝐸𝑑𝑖𝑡𝑖𝑏 + 𝜃3 (𝑇𝑖𝑚𝑒𝑀𝑖𝑛𝑖𝑏𝑚 × 𝐸𝑑𝑖𝑡𝑖𝑏) +𝛼𝑖 + 𝜅𝑏 + 𝜀𝑖𝑏𝑚, (5)

where 𝑌𝑖𝑏𝑚 is the outcome for student 𝑖 in block 𝑏 ∈ {1,2} at elapsed minute 𝑚 of the 45-minute

block. 𝑇𝑖𝑚𝑒𝑀𝑖𝑛𝑖𝑏𝑚 is the number of elapsed minutes in the block, and 𝐸𝑑𝑖𝑡𝑖𝑏 is an indicator which

6 The NASA-TLX scales are administered once per block as opposed to after each task. As such, we analyze the within-participant
differences between the editing and writing condition by estimating Equation 2 at the block level rather than the task level.
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equals 1 if block 𝑏 is the editing condition and 0 if it is the writing condition. 𝛼𝑖 is the student fixed

effect, 𝜅𝑏 is the block order fixed effect, and 𝜀𝑖𝑏𝑚 is the error term, clustered at the participant level.

The parameter of interest, 𝜃3, tests whether the minute-by-minute trajectories differ between these

two conditions. Under Hypothesis 4b, editing should slow the accumulation of fatigue, so we predict

𝜃3 > 0 for pupil diameter (a flatter decline when editing) and 𝜃3 < 0 for mean fixation duration (a

flatter increase when editing). For the physiological estimates, we use the data as collected, with the

exception of pupil diameter, which is recorded separately for the left and right eyes; we combine

the two into an aggregate measure using the process in Appendix E.

We estimate Equation 5 over three time windows. The full block is the entire 45-minute task

block for either the editing condition or the writing condition. Within it, we separate the two phases

corresponding to the two activities that make up each task. The video phase is the first five minutes

of each task, during which the student watches the video interview, and the work phase is the

remainder of each task, during which the student writes or edits the summary. Phase-level models

measure time as cumulative elapsed minutes within each phase across the block.

4.4. Results

4.4.1. Participants and Analysis Sample We preregistered the recruitment of 100 university

students from the university lab subject pool.7 The 100 students submitted summaries for 796 tasks.

For our analyses, we exclude 35 tasks that were aborted by Qualtrics when the 45-minute block

timer expired, leaving an analysis sample of 761 completed summaries (499 in the editing condition

and 262 in the writing condition).

4.4.2. Impact on Productivity In this lab setting, we find strong support for Hypothesis 1.

Table 3. Column (1) reports our estimate of 𝛽1 in Equation 2. For students, being in the editing

condition cuts task completion time by 418.45 seconds—a 69% reduction relative to writing from

scratch. These time savings compound over the session. Because each block lasts a fixed 45

minutes, students complete almost twice as many summarization tasks in the editing condition as

in the writing condition (Appendix Figure F.1). Speed also improves over consecutive tasks: each

successive task in the editing condition takes 25.71 seconds fewer than the last, and each successive

task in the writing condition takes 56.74 seconds fewer than the last (Appendix Table F.1).

7 The lab excluded three students for whom more than 85% of the task-level heart rate readings were missing.
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Table 3 Study 2: Effects on task completion time and quality

Task completion time (seconds) Quality score (0–100)

(1) (2) (3)

Editing −418.45*** 9.33***
(33.67) (0.78)

Cosine similarity to draft 39.29***
(8.62)

Sample All tasks All tasks Editing tasks only
Writing condition mean 605.03 85.10 —
Editing condition mean 193.00 94.69 —

Number of observations 761 761 499
Number of participants 100 100 100
Video interview fixed effects Yes Yes Yes
Participant fixed effects Yes Yes Yes
Block order fixed effects Yes Yes Absorbed

Notes. Standard errors clustered at the participant level are in parentheses. Columns (1)
and (2) report the effect of being in the editing condition (𝛽1 in Equation 2) on task
completion time and summary quality; the writing condition is the reference condition.
Column (3) regresses summary quality on cosine similarity to the LLM-generated draft
using editing tasks only. Higher cosine similarity indicates lighter editing, and the coefficient
is per unit of similarity. Block order is absorbed by participant fixed effects in column (3)
because each student completes a single editing block. Quality is assessed on a 0 (lowest)
to 100 (highest) scale using the five-dimension rubric in Appendix B. + 𝑝 < 0.1, ∗ 𝑝 < 0.05,
∗ ∗ 𝑝 < 0.01, ∗ ∗ ∗ 𝑝 < 0.001.

4.4.3. Impact on Quality We also find support for Hypothesis 2. We find that summaries in

the editing condition score 9.33 points higher on quality (out of 100) compared to summaries in

the writing condition (Table 3 Column (2)), with the editing condition summaries scoring higher

along every dimension of the rubric. Unlike in Study 1, however, heavier revision of the LLM-

generated draft is associated with lower quality. Figure 7 plots quality against cosine similarity to

the LLM-generated draft in the editing condition, and Table 3 Column (3) reports the corresponding

fixed-effects estimate. Quality rises with cosine similarity: every 0.1 increase in cosine similarity is

associated with a 3.93-point increase in quality. Thus, the fewer revisions made, the better the final

output. Unlike the clinicians in Study 1, whose heavier editing was associated with higher quality,

additional revisions by students move the summary toward lower quality.

4.4.4. Impact on Workflow Table 4 reports Equation 2 estimates with the activity measures

as outcomes in columns (1)–(4) and the final summary and notes-field measures as outcomes in

columns (5)–(10). The changes in activity support the predicted shift. In the editing condition as

compared to the writing condition, creation intensity is 342.55 seconds shorter and the character

production rate is 388.59 characters per minute lower. This suggests that students who work with

an LLM-generated draft create new content at a slower pace. Interestingly, revision intensity is
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Figure 7 Study 2: Quality versus cosine similarity to the LLM-generated draft, editing condition only

Note. Each point is one submitted summary from the editing condition (𝑁 = 499), with the line showing the fitted regression. Higher
cosine similarity indicates lighter editing.

Table 4 Study 2: Effect on workflow activity and final output measures

Workflow activity Summary Notes

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Creation
intensity
(seconds)

Revision
intensity
(seconds)

Character
production

rate
(chars/min)

Click
rate

(click-
s/min)

Length
(chars)

Clicks Periods Length
(chars)

Clicks Periods

Editing −342.55*** −39.44*** −388.59** 3.44*** 133.23*** −14.48*** −1.27** −155.89*** −3.29*** −0.99*
(20.14) (3.84) (143.65) (1.03) (26.15) (3.17) (0.43) (33.82) (0.95) (0.41)

Writing condition mean 586.21 61.34 455.25 2.94 1,523.76 31.24 13.06 1,084.75 7.86 6.50
Editing condition mean 246.90 22.71 9.33 6.63 1,665.88 16.22 11.76 889.34 4.42 4.94

Number of observations 761 761 761 761 761 761 761 761 761 761
Number of participants 100 100 100 100 100 100 100 100 100 100
Video interview fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Participant fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Block order fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes. Standard errors clustered at the participant level are in parentheses. Coefficient reports the effect of being in the editing
condition (𝛽1 in Equation 2); the writing condition is the reference condition. Creation (revision) intensity counts the active seconds in
which the character count of the response fields increases (decreases). The Summary and Notes columns measure the final submitted
text in the summary and notes fields: total character length, number of clicks in the field, and number of periods. + 𝑝 < 0.1, ∗ 𝑝 < 0.05,
∗ ∗ 𝑝 < 0.01, ∗ ∗ ∗ 𝑝 < 0.001.

also lower, which indicates students do less active typing overall, and in fact revise their own

writing more than they revise the LLM-generated draft. Thus, editing does not substitute revision

for creation one-for-one; there is less active typing of any kind. What does increase is navigation:

the click rate more than doubles, rising by 3.44 clicks per minute.

The final submitted summaries show the same shift, with results in columns (5)–(10) of Table 4.

On average, summaries in the editing condition are 133.23 characters longer than those in the
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writing condition. Yet the work surrounding the summary still decreases. The total number of clicks

in the summary field decreases by 14.48, and the amount of engagement with the notes field drops

across all measures. There are 155.89 fewer characters in the notes, 3.29 fewer clicks in the notes

field, and 0.99 fewer complete sentences ending with periods. Editing decreases preparatory work

as students lean on the draft instead of on their own notes.

Altogether, Hypothesis 3 is partially supported. While creation intensity decreases as students

write less, revision intensity also decreases, showing students edit less. Very little new text is

produced in the editing condition; instead, the composition of the remaining work shifts away from

production toward navigation and selective correction.

4.4.5. Impact on Cognitive Load and Fatigue With regards to perceived cognitive load,

Hypothesis 4a is strongly supported. As shown in Table 5, Paas mental effort is 1.28 points lower

in the editing condition compared to the writing condition, which is roughly a 21% reduction. Each

NASA-TLX metric is also lower in the editing condition: mental demand by 18.54 points (28%),

workload by 21.40 points (33%), frustration by 7.19 points (19%), and the overall score by 15.71

points (28%). Notably, the higher click rate documented in Table 4 does not translate into higher

reported effort: task-level Paas ratings are unrelated to summary click rates.

Table 5 Study 2: Effect on self-reported cognitive load

(1) (2) (3) (4) (5)
Paas mental effort

rating (1–9)
NASA-TLX mental

demand (0–100)
NASA-TLX

workload (0–100)
NASA-TLX

frustration (0–100)
NASA-TLX overall

(0–100)

Editing −1.28*** −18.54*** −21.40*** −7.19* −15.71***
(0.17) (2.94) (3.17) (3.14) (2.36)

Writing condition mean 6.16 65.30 65.10 37.90 56.10
Editing condition mean 4.81 46.85 43.85 30.65 40.45

Number of observations 761 200 200 200 200
Number of participants 100 100 100 100 100
Video interview fixed effects Yes No No No No
Participant fixed effects Yes Yes Yes Yes Yes
Block order fixed effects Yes Yes Yes Yes Yes

Notes. Standard errors clustered at the participant level are in parentheses. Coefficient reports the effect of being in the editing
condition (𝛽1 in Equation 2) for the task-level Paas outcome in column (1), and for the block-level NASA-TLX outcomes in columns (2)–
(5); the writing condition is the reference condition. Paas mental effort rating scale is administered after each task on a 1 (lowest) to
9 (highest) scale. NASA Task Load Index (NASA-TLX) is administered at the end of each 45-minute block on a 0 (lowest) to 100
(highest) scale. + 𝑝 < 0.1, ∗ 𝑝 < 0.05, ∗ ∗ 𝑝 < 0.01, ∗ ∗ ∗ 𝑝 < 0.001.

Before turning to the physiological evidence, we note that the self-reports themselves change

as students work. Because editing shifts the type of work from creation to revision, the two

conditions may produce different trajectories in reported effort. Using the interaction specification
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Figure 8 Study 2: Fitted Paas mental effort trends over consecutive tasks, by condition

Note. Each line plots the task-level Paas mental effort rating (1–9) against the within-condition task index, with shaded 95%
confidence bands. Estimated slopes are reported in Appendix Table F.2 column (3).

in Equation 4 with the task-level Paas rating as the outcome, Appendix Table F.2 column (3)

reports the corresponding estimate of 𝛾3, interpreted as the difference in slopes across tasks with

the writing condition as the baseline. Interestingly, the Paas interaction is positive (0.17 points

per task). Consecutive writing tasks decrease reported load as students “get in the zone,” whereas

consecutive editing tasks show a slight yet not statistically significant increase. While this change

in the editing condition is not statistically significant, the difference between the two slopes is

significant, which is apparent in the fitted Paas trajectories plotted in Figure 8. Hence, although

students do less active work per task when editing, their reported mental effort does not fall across

tasks as it does in the writing condition.

Next, we turn to the physiological evidence using measures captured by the sensors. From this

analysis, the pupil diameters and mean fixation duration tell an interesting story. Table 6 reports

the difference in within-block slopes, Figure 9 plots the pupil diameter trajectory over time, and

Appendix Figure F.2 plots fixation duration against time in the block. Pupil diameter declines over

the block in both conditions, consistent with accumulating fatigue. It declines faster in the editing

condition (a slope difference of −0.002 mm per minute, or roughly a 0.1 mm decline over the 45

minutes), indicating that students fatigue faster when editing than when writing. The same pattern

holds when the two eyes are modeled separately rather than averaged (Appendix Table F.3). We

see the same trend with mean fixation duration, which increases faster in the editing condition

by 3.59 ms per minute, which also indicates that students fatigue faster when editing. The other

continuously recorded measure, heart rate, shows no measurable difference over the block. The
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Table 6 Study 2: Difference in within-block slopes of physiological measures over the full 45-minute block

(1) (2) (3)
Pupil diameter (mm) Mean fixation duration (ms) Heart rate (bpm)

Editing − writing slope difference
(per min)

−0.002*** 3.59* −0.01

(0.0004) (1.79) (0.04)

Editing condition slope (per min) −0.004*** 3.64* −0.03
(0.0003) (1.65) (0.03)

Writing condition slope (per min) −0.002*** 0.05 −0.02
(0.0003) (0.69) (0.03)

Number of observations 8,182 8,742 8,731
Number of participants 100 100 99
Video interview fixed effects No No No
Participant fixed effects Yes Yes Yes
Block order fixed effects Yes Yes Yes

Notes. Standard errors clustered at the participant level are in parentheses. Each column reports, for the listed sensor outcome, the
within-block slopes on elapsed minute from Equation 5: the first row is 𝜃3, the editing-minus-writing difference in slopes, and the
rows below report the editing condition slope (𝜃1 + 𝜃3) and the writing condition slope (𝜃1). Sensor data are recorded continuously
and aggregated to minute-level observations for estimation. Slope units are outcome units per minute, and the writing condition is the
reference condition. + 𝑝 < 0.1, ∗ 𝑝 < 0.05, ∗ ∗ 𝑝 < 0.01, ∗ ∗ ∗ 𝑝 < 0.001.

overall pattern parallels the Paas scores: at the start of the block, pupil diameter is smaller in the

writing condition, consistent with the higher load students report when writing. Over time, however,

pupil diameter in the editing condition declines fast enough to catch up, mirroring the difference

in Paas slopes across consecutive tasks. Editing may feel easier initially, but fatigue accumulates

faster over the same period.

In Appendix Tables F.4, F.5, and Figure F.3, we further decompose the block into the video phase

and the work phase. From this, we see that the difference in slope of pupil diameter is mostly in

the work phase (−0.002 mm per minute), which is when students are actively writing or editing.

During the video phase where students watch the video interview, the difference is not statistically

Figure 9 Study 2: Pupil diameter trajectory over the 45-minute block, by condition

Note. Each line plots the average pupil diameter at each elapsed minute of the block, with shaded 95% confidence bands, for the
writing and editing conditions, respectively. Estimated slopes are reported on Table 6.



Liu, Song, and Terwiesch: The First Draft Problem
26

significant. Estimating the same phase-level models over consecutive tasks rather than elapsed

minutes yields no significant condition differences in either phase (Appendix Table F.6), so the

fatigue evidence is specific to the within-block timescale.

Together, we find strong support for Hypothesis 4a but reject Hypothesis 4b. Editing lowers

the cognitive load students perceive on any given task, but it does not slow the accumulation of

fatigue—it speeds it up. Pupil diameter declines faster and fixation duration lengthens faster when

editing, and reported effort, which falls across consecutive writing tasks, stays flat when editing.

Counter to Hypothesis 4b, students fatigue faster when editing an LLM-generated draft than when

writing from scratch. In addition, in the exit surveys, 78% of students stated that writing from

scratch is more challenging, and 77% stated it is more fatiguing (Appendix Figure F.4).

5. Discussion and Conclusion

Leveraging LLMs for documentation or writing-intensive work does not simply speed up an

unchanged task. Rather, it reconstitutes the task, shifting the worker from serving as an author to

serving as an editor. We study the impact associated with this shift across two studies. In Study 1,

conducted with 16 clinicians producing documentation following a teletherapy patient encounter,

we establish the puzzle: counter to our hypotheses (H1 and H2), editing an LLM-generated draft of

the documentation as opposed to writing it from scratch does not result in time savings or quality

improvements on average. The average conceals a split. Clinicians who revised heavily produced

higher-quality documentation—a 1.8 point increase (out of 100) for each 10% decrease in cosine

similarity to the draft—but those same revisions absorbed the time the draft was meant to save,

while clinicians who revised lightly saved time without improving quality. Their stated preferences

mirrored the split.

Study 2, conducted with 100 university students summarizing video interviews in a lab set-

ting, unpacks the mechanisms underlying the heterogeneity observed in Study 1. Using granular

keystroke logs, validated self-reports of workload, and micro-level physiological and eye-tracking

measurements, we show that the author-to-editor shift is visible not only in productivity and text

production but also in selected attentional trajectories. In the lab, the average gains predicted by

prior literature (Noy and Zhang 2023, Peng et al. 2023) did materialize among students: students

working with LLM drafts completed tasks in roughly 70% less time and produced higher-quality

summaries. Notably, the effect of editing on quality reversed: among students, additional edits

were associated with lower quality. Students also self-reported lower workload across all scales,
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and approximately three-quarters of them named writing from scratch the more challenging and

more fatiguing way to work. However, biosensors reveal a more nuanced story of cognitive load.

Pupil-diameter and fixation-duration trajectories indicate that fatigue accumulates faster when edit-

ing than when writing. The Paas mental effort ratings show a similar pattern across consecutive

tasks—reported effort falls when writing but not when editing. Writing grows easier but editing

remains the same throughout. In addition, while students may not be conscious of the growing

fatigue when editing, the body still registers the work.

Altogether, these studies suggest that assessing the true impact of revising LLM drafts requires

more than a high-level view of productivity and time savings; it requires understanding how the

workflow shifts and how workers respond to that shift under sustained use. The two settings differ

in several ways at once—the training participants bring to the task, the stakes attached to errors,

and how much room the draft leaves for improvement—and our design cannot separate them. We

do not dispute that LLMs can help with documentation and writing; rather, we analyze where and

how that help appears, and what it costs.

5.1. Theoretical Contributions

This paper makes several contributions to the operations management literature on human-AI

collaboration. We introduce a novel methodology for measuring cognitive state through sensors and

eye tracking alongside validated self-reports in a lab environment. Editing clearly lowers perceived

workload, yet the pupil-diameter trajectory diverges by condition, and mean fixation duration

lengthens faster during editing, even though heart-rate trajectories do not differ. This mixed pattern

extends AI and worker well-being research that has largely relied on self-reports (Tang et al. 2023,

Spiliotopoulou et al. 2026), while also showing why physiological measures should be reported

separately rather than collapsed into a single claim about cognitive load.

We also demonstrate that the productivity gains documented in controlled lab settings may

not carry over to less controlled settings and more difficult tasks. While editing an LLM draft is

faster than writing from scratch for university students, the same result does not hold for licensed

clinicians producing professional documentation. Clinicians, who remain accountable for accuracy

and completeness, reallocate the time originally saved on writing to verifying and revising the

provided draft.

Finally, we document that the association between revision intensity and quality reverses across

our two settings. We cannot isolate why. Task expertise is one candidate—clinicians are trained

against a documentation standard for which students have no counterpart—but the settings also
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differ in the stakes attached to errors and in how much headroom the draft leaves, and separating

these requires manipulating them within a single population. The same LLM output is a floor for

users who are skilled in making edits, and a trap for users who are not, showing that more editing

is not necessarily better editing. The heterogeneity in final output quality arises within the revision

process itself. Granting access to LLMs does not guarantee a better end result, and more editing is

not reliably better editing.

5.2. Limitations and Future Research

This study has limitations, and its results should be interpreted accordingly. First, Study 1 uses a

sample of 16 clinicians who completed the tasks remotely, outside a fully integrated live workflow,

and was powered to detect only large average effects. Thus, we use its central finding—that the

same LLM draft generated widely heterogeneous impacts across clinicians—as motivation for the

design of Study 2. Future work with larger clinician samples embedded in live clinical workflows

can more precisely estimate average time savings and characterize which clinicians benefit most

from LLM drafts.

Second, the participants in Study 2 are students, not clinicians. This population allowed us to

collect dense measurements of interaction behavior and physiology in a lab setting. However, it

limits generalizability: students have less accountability and less training in the documentation task

than licensed clinicians. In addition, we simplified the task to suit a non-professional population,

which could also affect the suitability of the LLM draft if the task moves outside the “jagged

frontier” (Dell’Acqua et al. 2026). Future studies can test whether the pupil-trajectory differences

replicate among clinicians and other professionals who (1) have tasks requiring greater domain

knowledge and (2) feel a higher level of responsibility for the completed draft.

Third, our design keeps the LLM draft constant across participants by using pre-generated drafts.

In doing so, we can isolate the revision process by clinicians and students without variation in

prompting or in the drafts themselves. However, real deployments in professional settings would

give users the ability to prompt the LLM themselves and iterate with it, which may change how

they produce their final output. Future research can incorporate more flexibility with prompting and

human-LLM interaction to study how the entire workflow changes, rather than the revision aspect

alone.

Fourth, tasks within each study remain at similar difficulty, although difficulty varies between

studies because the populations and domains differ. Future research can vary task difficulty within

a single population to test whether the effects of LLM assistance on productivity and on sustained



Liu, Song, and Terwiesch: The First Draft Problem
29

attention depend on the task’s location relative to the jagged technological frontier (Dell’Acqua

et al. 2026). The simpler Study 2 task should lie within that frontier; more difficult tasks may change

both the burden of verification and the physiological and attentional trajectories we observe.

5.3. Practical Implications and Conclusions

Our study has implications for managers who want to deploy LLMs in documentation or writing-

intensive work. First, managers should not assume that having access to drafts will uniformly

improve productivity across an organization. In settings involving high worker accountability, the

time saved from creating documentation may shift to revising documentation, leading to a much

smaller productivity gain. We also show that training matters for the same reason. The quality of

the final output may depend on the worker’s expertise, and workers who are not well trained may

produce worse documentation with LLM assistance, even if they spend additional time revising

and editing. Training should focus on what makes a good draft, what needs revision, and when to

leave the draft as is.

In addition, managers should account for cognitive load as part of their decision to deploy LLMs.

While editing might feel easier than writing from scratch, sustained editing still causes physiological

fatigue and cognitive load to accumulate—and at a faster rate. Thus, if employees still need to work

for the same amount of time, having them revise LLM-generated drafts can actually cause greater

burnout and cognitive load, so ambient documentation tools need not reduce burden across the

board (Duggan et al. 2025, Olson et al. 2025). Those deploying LLM assistance for documentation

will need to consider more than just throughput, and instead consider whether it causes health care

workers to burn out in the long run. The first draft problem does not disappear as models improve:

deploying LLM drafts chooses where the work of documentation goes, and that choice deserves as

much managerial attention as the time savings themselves.
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Appendix A: Interpretation of the Cognitive Load and Fatigue Measures

This appendix records what each measure indicates, in which direction, and with what caveats. Cognitive load is

measured through the self-reported scales, and fatigue is measured through the continuously recorded sensor trajectories.

Table A.1 Study 2: Interpretation of the self-reported scales and physiological measures

Measure Construct Interpretation and direction Caveats

Self-reported mental
effort (NASA-TLX, Paas)

Cognitive load Higher scores indicate greater perceived cognitive load (Hart
and Staveland 1988, Paas 1992).

Retrospective; may not capture
short-lived changes in load.

Pupil diameter Fatigue A declining diameter over time indicates accumulating
fatigue and disengagement (Beatty 1982, van der Wel and
van Steenbergen 2018, Hopstaken et al. 2015). We use the
slope over the block, not the level.

Sensitive to screen luminance,
gaze angle, and ambient lighting.

Mean fixation duration Fatigue Lengthening fixations indicate greater load or accumulating
fatigue (Rayner 1998, Schleicher et al. 2008).

Responds to momentary difficulty
as well as to sustained effort; the
two cannot be separated, so we
read it jointly with pupil diameter.

Heart rate Fatigue;
physiological
arousal

A higher rate indicates greater arousal and effort (Jorna
1992, Malik et al. 1996).

Affected by posture, caffeine, and
stress. Reported for completeness;
null in every window we estimate.

Notes. No single measure is used on its own to argue that cognitive load or fatigue changes within a condition; we rely on the
direction of multiple measures taken together, and on trajectories over time rather than levels. Self-reported scales are administered
after each task (Paas) and at the end of each 45-minute block (NASA-TLX). Physiological signals are captured through wearable
sensors and iMotions software. Eye-tracking signals are captured through a GazeScanner camera.
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Appendix B: Quality Grading Rubric

Both studies score each submitted summary out of 100 across the same five dimensions: factual accuracy (30 points),

coverage of core ideas (30 points), compression quality (20 points), structure and coherence (10 points), and insight

and synthesis (10 points). The grading rubric below is provided to the LLM graders (Claude and Gemini in Study 1;

Claude in Study 2) together with the source material and the instruction to grade each of the submitted responses.

1. Factual Accuracy (0–30 points). No incorrect claims; no misinterpretation of the speaker’s intent; no invented

details; precise terminology where the transcript is precise.

2. Coverage of Core Ideas (0–30 points). Captures all major arguments, steps, and conclusions; does not omit key

framing or caveats; correct prioritization (main ideas > examples > anecdotes).

3. Compression Quality (0–20 points). Efficient information density; avoids copying phrasing verbatim; avoids

redundancy; does not bloat minor points.

4. Structure & Coherence (0–10 points). Logical flow and clear progression of ideas; easy to reconstruct the

original talk’s logic.

5. Insight & Synthesis (0–10 points). Shows understanding, not transcription; connects ideas when appropriate;

abstracts principles from examples.

In Study 1, the graded outputs are the case summaries and top problems. The primary quality score is the average

of the Claude and Gemini grades. In Study 2, the graded outputs are the submitted video interview summaries with

Claude as the sole grader.
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Appendix C: Interview Questions for Video Interviews in Study 2

C.1. Practice Interview Question

1. Can you tell me about a week that felt especially hard this semester and what helped you get through it?

C.2. Health and Well-being

1. Walk me through a typical weekday. How do classes, studying, and sleep fit into your routine?

2. Are there daily and/or weekly habits that make you feel your best during the semester?

3. When things start to pile up, what stresses you out the most?

4. How do you usually recharge after a tough stretch?

5. Has being at [this university] changed how you think about balance or self-care?

C.3. Campus Belonging and Social Life

1. What kinds of clubs, teams, or communities are you involved in right now?

2. How did your expectations of [this university’s] social life compare to the reality when you arrived?

3. Are there spaces or times on campus when you feel most comfortable or ‘at home’?

4. How have your friendships or social life changed since you started at [this university]?

5. If you could give your first-year self one piece of advice, what would it be?
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Appendix D: Self-Reported Mental Effort Scales

Figure D.1 Study 2: Paas mental effort scale after each task

Note. The Paas mental effort scale presented as radio buttons after each task.

Figure D.2 Study 2: NASA-TLX workload scale at the end of each block

Note. The NASA-TLX workload scale presented as three sliders at the end of each 45-minute block.



Liu, Song, and Terwiesch: The First Draft Problem
38

Appendix E: Physiological Measurement Cleaning and Preprocessing

This section documents the pupil-cleaning procedure, the construction of the video-versus-work phases, the model

specification, and the full set of consecutive-task and eye-specific results that are summarized in the main text.

E.1. Pupil data cleaning

Pupil diameter is measured separately for the left and right eyes by the GazeScanner camera. Beginning from 9,003

candidate eye windows, we keep 8,422 matched windows. A window is kept only if both eyes are present and each eye

contributes at least 10% within the range of valid samples. This removes 47 sparse windows where either eye had values

outside the physically possible range. Windows in which only one eye is available are removed (9 windows). Both eyes

are removed together when there is inter-eye disagreement that exceeds four robust standard deviations (0.24 mm). This

removes 525 eye-discordant windows. The retained left- and right-eye series are then averaged into a matched average,

which is the pupil-diameter measure used in the main text. Specific measurements for the left and right pupil diameters

are retained separately for the supplementary models in Table F.3. Raw pupil values outside 1.5–8.0 mm are treated as

invalid.

E.2. Phase construction and model specification

Each task contributes its first five minutes to the accumulated video timeline and its remaining minutes to the accu-

mulated work timeline. All full-block models combine the video and work phases to measure impact over the entire

45 minutes. Full-block pupil values use the averaged pupil measurements. Each condition is retained when it has at

least five participants so the editing and writing series may have different endpoints (since fewer students are able to

write as much as they edit). Standard errors are clustered by participant. Within each phase we estimate slopes on two

timescales: accumulated elapsed minutes within the phase, which is the specification reported in the main text, and the

consecutive task index, which is reported in Appendix Table F.6.

E.3. Consecutive-task and eye-specific results

Table F.6 reports the sensor slopes estimated over the consecutive task index within each phase, and Table F.3 reports

the eye-specific (left and right) pupil slopes. The consecutive-task editing-minus-writing pupil contrast is not significant

in either the video phase (−0.01 mm per task, 𝑝 = 0.42) or the work phase (−0.002 mm per task, 𝑝 = 0.89). The

eye-specific results mirror the average pupil diameter pattern: the editing-minus-writing difference in the accumulated

work-phase slope is negative and significant for both eyes (−0.002 mm per minute, 𝑝 < 0.001 left, 𝑝 < 0.004 right),

while the video-phase and consecutive-task eye-specific contrasts are not significant.
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Appendix F: Additional Tables and Figures

Figure F.1 Study 2: Within-participant differences in number of tasks completed, by condition

Note. The histogram plots the distribution of the number of tasks completed per 45-minute block in the editing condition and the
writing condition (499 versus 262 completed tasks in total).

Table F.1 Study 2: Within-condition experience curves
for task completion time

(1) (2)
Editing condition Writing condition

Within-condition task index −25.71*** −56.74***
(4.01) (14.14)

Number of observations 499 262
Number of participants 100 100
Video interview fixed effects Yes Yes
Participant fixed effects Yes Yes
Block order fixed effects No No

Notes. Standard errors clustered at the participant level are in
parentheses. Each column reports the coefficient of the within-
condition task index; the dependent variable is task completion
time in seconds. + 𝑝 < 0.1, ∗ 𝑝 < 0.05, ∗ ∗ 𝑝 < 0.01, ∗ ∗ ∗ 𝑝 <

0.001.
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Table F.2 Study 2: Difference in across-task trends

(1) (2) (3) (4) (5) (6) (7)
Task

completion
time (seconds)

Quality score
(0–100)

Paas mental
effort rating

(1–9)

Creation
intensity
(seconds)

Revision
intensity
(seconds)

Summary
character

production
rate

(chars/min)

Notes
character

production
rate

(chars/min)

Editing − writing slope
difference (per task)

104.82*** 0.28 0.17* 55.34*** 8.91*** −437.59* −14.97***

(14.44) (0.46) (0.08) (6.92) (1.82) (192.14) (3.92)

Editing condition slope (per
task)

−25.97*** 0.34*** 0.003 −16.00*** −2.60*** −14.07 −9.58***

(4.27) (0.10) (0.03) (2.66) (0.56) (8.98) (2.34)
Writing condition slope (per
task)

−130.80*** 0.06 −0.17* −71.33*** −11.51*** 423.52* 5.39

(14.46) (0.40) (0.08) (6.76) (1.82) (184.50) (3.34)

Number of observations 761 761 761 761 761 761 761
Number of participants 100 100 100 100 100 100 100
Video interview fixed effects Yes Yes Yes Yes Yes Yes Yes
Participant fixed effects Yes Yes Yes Yes Yes Yes Yes
Block order fixed effects Yes Yes Yes Yes Yes Yes Yes

Notes. Standard errors clustered at the participant level are in parentheses. Each column reports, for the listed outcome, the across-
task slopes from Equation 4: the first row is 𝛾3, the coefficient of the interaction between the within-condition task index and the
editing condition indicator, and the rows below report the model-implied within-condition trends from the same estimation (𝛾1 +𝛾3 for
the editing condition and 𝛾1 for the writing condition). Slope units are outcome units per consecutive task, and the writing condition
is the reference condition. Summary quality is assessed on a 0 (lowest) to 100 (highest) scale, and the Paas mental effort rating is
administered after each task on a 1 (lowest) to 9 (highest) scale. Creation (revision) intensity counts the active seconds in which the
character count of the response fields increases (decreases), and the character production rates count the number of new characters
written per minute in the summary and notes fields. + 𝑝 < 0.1, ∗ 𝑝 < 0.05, ∗ ∗ 𝑝 < 0.01, ∗ ∗ ∗ 𝑝 < 0.001.

Figure F.2 Study 2: Mean-fixation-duration trajectory over the 45-minute block, by condition

Note. Each thin line plots the cross-student average mean fixation duration at each minute of the block. The thick lines show the
fitted within-block trends from Equation 5 with shaded 95% confidence bands.
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Table F.3 Study 2: Eye-specific (left and right) pupil-diameter trends
during the video and work phases

Outcome Writing slope Editing slope Editing−Writing 𝑁

(1) (2) (3)

Panel A. Accumulated minute within phase — video
Left pupil diameter (mm) −0.0062** −0.0082*** −0.0020 2,378

(0.0023) (0.0010) (0.0026)
Right pupil diameter (mm) −0.0048* −0.0079*** −0.0031 2,378

(0.0020) (0.0011) (0.0023)
Accumulated minute within phase — work
Left pupil diameter (mm) −0.0024*** −0.0046*** −0.0021*** 6,020

(0.0003) (0.0005) (0.0006)
Right pupil diameter (mm) −0.0025*** −0.0042*** −0.0017** 6,020

(0.0003) (0.0005) (0.0006)
Panel B. Consecutive task within phase — video
Left pupil diameter (mm) −0.028+ −0.037*** −0.009 537

(0.016) (0.006) (0.017)
Right pupil diameter (mm) −0.020 −0.035*** −0.015 537

(0.014) (0.006) (0.014)
Consecutive task within phase — work
Left pupil diameter (mm) −0.007 −0.011+ −0.004 476

(0.012) (0.006) (0.015)
Right pupil diameter (mm) −0.012 −0.013+ −0.001 476

(0.013) (0.008) (0.015)

Participant fixed effects Yes Yes Yes
Block order fixed effects Yes Yes Yes
Task fixed effects Yes Yes Yes

Notes. Standard errors clustered at the participant level are in parentheses.
Each row reports the slope of the eye-specific pupil diameter on accumulated
minute (Panel A) or consecutive task index (Panel B) within the phase, in
the writing condition (column 1), the editing condition (column 2), and their
difference (column 3, editing minus writing). The writing condition is the
reference condition. Left and right pupils are modeled separately (not averaged).
The difference column is estimated directly from the interaction term and may
deviate from the difference of the displayed slopes by one unit in the final digit
due to rounding. All models are estimated on the video-versus-work pipeline,
and 𝑁 is the number of phase-level observations. + 𝑝 < 0.1, ∗ 𝑝 < 0.05, ∗ ∗ 𝑝 <

0.01, ∗ ∗ ∗ 𝑝 < 0.001.
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Table F.4 Study 2: Difference in within-phase slopes of physiological measures during the video phase

(1) (2) (3)
Pupil diameter (mm) Mean fixation duration (ms) Heart rate (bpm)

Editing − writing slope difference
(per min)

−0.002 6.73 −0.15

(0.002) (6.59) (0.18)

Editing condition slope (per min) −0.008*** 19.34** 0.02
(0.001) (5.92) (0.10)

Writing condition slope (per min) −0.006** 12.61** 0.17
(0.002) (3.99) (0.16)

Number of observations 2,378 2,583 2,536
Number of participants 100 100 99
Video interview fixed effects No No No
Participant fixed effects Yes Yes Yes
Block order fixed effects Yes Yes Yes
Task fixed effects Yes Yes Yes

Notes. Standard errors clustered at the participant level are in parentheses. The video phase is the first five minutes of each task,
during which the student watches the video interview. Each column reports, for the listed sensor outcome, the slopes on accumulated
elapsed minute within the phase: the first row is the editing-minus-writing difference in slopes, and the rows below report the editing
condition and writing condition slopes. Slope units are outcome units per minute, and the writing condition is the reference condition.
The task fixed effects index the video-interview task being completed. + 𝑝 < 0.1, ∗ 𝑝 < 0.05, ∗ ∗ 𝑝 < 0.01, ∗ ∗ ∗ 𝑝 < 0.001.

Table F.5 Study 2: Difference in within-phase slopes of physiological measures during the work phase

(1) (2) (3)
Pupil diameter (mm) Mean fixation duration (ms) Heart rate (bpm)

Editing − writing slope difference
(per min)

−0.002** 0.94 0.04

(0.001) (1.85) (0.06)

Editing condition slope (per min) −0.004*** −0.29 −0.01
(0.0005) (1.63) (0.04)

Writing condition slope (per min) −0.002*** −1.23 −0.05
(0.0003) (1.09) (0.04)

Number of observations 6,020 6,389 6,428
Number of participants 100 100 99
Video interview fixed effects No No No
Participant fixed effects Yes Yes Yes
Block order fixed effects Yes Yes Yes
Task fixed effects Yes Yes Yes

Notes. Standard errors clustered at the participant level are in parentheses. The work phase is the remainder of each task after
the first five minutes, during which the student writes or edits the summary. Each column reports, for the listed sensor outcome, the
slopes on accumulated elapsed minute within the phase: the first row is the editing-minus-writing difference in slopes, and the rows
below report the editing condition and writing condition slopes. Slope units are outcome units per minute, and the writing condition
is the reference condition. The task fixed effects index the video-interview task being completed. + 𝑝 < 0.1, ∗ 𝑝 < 0.05, ∗ ∗ 𝑝 < 0.01,
∗ ∗ ∗ 𝑝 < 0.001.
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Figure F.3 Study 2: Pupil-diameter trajectories during the video and work phases, by condition

Note. Each panel plots the cross-student average pupil diameter against accumulated elapsed minute within the phase, with shaded
95% confidence bands. Left: video phase (watching the video interview). Right: work phase (writing or editing).

Table F.6 Study 2: Difference in across-task slopes of physiological
measures during the video and work phases

Outcome Writing slope Editing slope Editing−Writing 𝑁

(1) (2) (3)

Panel A. Video phase (consecutive task index)
Pupil diameter (mm) −0.02 −0.04*** −0.01 537

(0.02) (0.006) (0.02)
Mean fixation duration (ms) 14.54 83.05* 68.52+ 544

(24.45) (35.61) (36.86)
Heart rate (bpm) 0.66 −0.19 −0.85 536

(1.08) (0.54) (1.10)
Panel B. Work phase (consecutive task index)
Pupil diameter (mm) −0.01 −0.01+ −0.002 476

(0.01) (0.007) (0.02)
Mean fixation duration (ms) 149.13* 81.46* −67.67 481

(71.07) (31.84) (74.59)
Heart rate (bpm) −0.10 0.37 0.47 476

(1.02) (0.44) (1.00)

Participant fixed effects Yes Yes Yes
Block order fixed effects Yes Yes Yes
Task fixed effects Yes Yes Yes

Notes. Standard errors clustered at the participant level are in parentheses.
Each row reports the slope of the listed sensor outcome on the consecutive
task index within the phase, in the writing condition (column 1), the editing
condition (column 2), and their difference (column 3, editing minus writing).
The writing condition is the reference condition. Pupil diameter is the matched
average. All models are estimated on the video-versus-work pipeline, and 𝑁 is
the number of task-phase observations for that outcome. + 𝑝 < 0.1, ∗ 𝑝 < 0.05,
∗ ∗ 𝑝 < 0.01, ∗ ∗ ∗ 𝑝 < 0.001.
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Figure F.4 Study 2: Student reports of which condition was more challenging and more fatiguing

Note. Exit-questionnaire responses (𝑁 = 100). The left panel plots the proportion of students who found writing from scratch versus
editing the LLM-generated draft more challenging. The right panel plots the proportion of students who found writing versus editing
more fatiguing.


