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Abstract

This study investigates how generative AI affects effort allocation in multitasking environments with
asymmetric incentives. In a lab-in-the-field experiment, employees completed an incentivized writing
task that could be supported by generative AI alongside a weakly incentivized calculation task that
could not. Without AI, stronger incentives for writing slightly reduce calculation accuracy, consistent
with classic multitasking distortions. With AI available, access improves writing quality and efficiency
without reducing calculation performance. Moreover, stronger incentives for writing no longer change
writing quality but generate spillovers to calculation accuracy, especially for participants without prior
experience in similar writing tasks. This pattern is consistent with stronger incentives increasing reliance
on AI for the primary task, compressing its cognitive demands and freeing attention for secondary work.
The results inform incentive design and human-AI collaboration in AI-enabled workplaces, suggesting
that firms can strengthen incentives on AI-assisted outputs without sacrificing, and sometimes improving,
performance on harder-to-measure tasks.
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1. Introduction1

In many organizations, jobs are bundles of heterogeneous, often complementary tasks rather than single,2

isolated activities. A manager drafts strategy documents while also resolving conflicts and motivating sub-3

ordinates; a bank employee writes credit reports while simultaneously calling clients and coordinating with4

risk officers; an engineer prepares technical documentation while also troubleshooting problems on site and5

aligning with other teams. Generative AI can now be used as a tool for some of these tasks — such as6

drafting text, restructuring reports, or retrieving information — but offers little direct help for others, in-7

cluding coordination, supervision, and judgment.1 How this partial assistability reshapes behaviour within8

jobs remains unclear: when only a subset of tasks can be supported by AI, how do workers reallocate their9

limited attention across assisted and unassisted tasks, and what happens to the performance of the parts of10

work that AI cannot do?11

In such multitasking environments, one theoretical perspective comes from multitasking theory. Workers12

must allocate scarce attention across tasks that differ in measurability and rewards: measurable outputs (e.g.,13

scored reports, code quality) typically attract stronger, “high-powered” incentives, while diffuse contributions14

(coordination, judgment, or creativity) receive weaker or implicit rewards.2 Classic multitasking theory15

predicts that such asymmetric incentives distort effort toward the strongly incentivized, easily measured task16

at the expense of its less measurable complements (Holmström and Milgrom, 1991), a tendency exacerbated17

by limited cognitive resources and switching costs in multitask environments (Alonso et al., 2014; Monsell,18

2003). If the primary task in a job is both highly measurable and the main target of high-powered incentives,19

then making that task AI-assistable should, in theory, further shift attention toward it and exacerbate neglect20

of the complementary tasks that remain entirely human.21

A second perspective comes from experiments on human–AI collaboration and algorithmic advice, which22

show that stronger or more salient incentives generally increase reliance on AI support. Greiner et al. (2025)23

show that moving from fixed pay to individual performance pay or tournaments raises the extent to which24

decision makers follow an AI-based forecasting algorithm. Bockstedt and Buckman (2025) find that loss-25

framed incentives increase willingness to delegate decisions to an AI assistant. Saragih and Morrison (2022)26

report that when an algorithm has a strong performance history, higher decision stakes lead participants to27

accept its advice more readily, and Neumann et al. (2022) find that incentives increase the use of simple28

mechanical decision rules in human-performance prediction. Taken together, these studies suggest that29

higher-powered or psychologically salient incentives often tilt decision makers toward greater reliance on30

1A dominant approach to assessing the labour-market impact of generative AI is to measure “task exposure”: mapping large
language models’ capabilities onto occupational task taxonomies and inferring impact from the share of tasks in a job that AI
can assist (Eloundou et al., 2024; Melina et al., 2024; Gmyrek et al., 2025). This task-based perspective is informative about
which parts of jobs are directly exposed to AI, but largely silent on within-job behavioural responses—how workers reallocate
effort across tasks, and how incentives and cognition interact once only some tasks can draw on AI.

2In multitask settings, diffuse contributions refer to activities that are difficult to measure directly yet compete for an
individual’s limited attention—such as coordination, communication, creativity, and judgment. When these diffuse activities
are important or hard to observe, high-powered incentives tied to measurable outputs are more likely to distort effort allocation
across tasks (Holmström and Milgrom, 1991). As a result, firms often rely on lower-powered incentives, task or job bundling,
and formal rules or relational governance to manage performance (Garicano and Rayo, 2016; Rayo, 2007). This emphasis on
cross-task spillovers from incentive schemes is also central to theories of contracting and the organization of knowledge in which
rewarding one dimension of performance reshapes behavior in other interdependent activities (Fuchs et al., 2015).
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algorithmic or AI tools for the incentivized task.31

These two strands of theory thus make competing predictions for GenAI-assisted multitask jobs. From the32

multitasking perspective, stronger incentives on an AI-assistable, measurable primary task should exacerbate33

effort diversion toward that task and worsen underinvestment in harder-to-measure complements. From the34

incentive-reliance perspective, the same stronger incentives may induce workers — especially those who feel35

relatively weak at the primary task — to offload more of it onto AI, compressing its cognitive demands and36

freeing scarce attention for secondary tasks in the presence of limited processing capacity and switching costs.37

This tension leads to our central question: when workers can use generative AI on a strongly incentivized38

primary task in a realistic multitask setting, does AI adoption exacerbate or mitigate the classic multitasking39

distortion on complementary, weakly incentivized tasks?40

We answer this question causally in a lab-in-the-field experiment with 175 employees across three com-41

panies based in Shenzhen, China (Qingchuang Zhiyuan, ICBC, and CESEC).3 Subjects complete three 15-42

minute professional writing assignments; in Stages 1 and 2, writing is interrupted at minute 6 by a mandatory43

calculation task, while Stage 3 proceeds without interference (a single-task benchmark). Treatments vary44

between subjects: NO-AI (no access to AI in any stage), AI-Low (ChatGPT-3.5 access via a custom platform45

in Stages 2–3), and AI-High (same access as AI-Low but with doubled writing incentives). All groups were46

explicitly forbidden from AI use in Stage 1, which served as an additional benchmark. Writing is measurable47

and strongly incentivized through relative performance pay (the top 50% earn CNY 100 in NO-AI/AI-Low;48

CNY 200 in AI-High) and is graded double-blind by independent professionals using a prespecified rubric.49

The calculation task is perfectly measurable in the lab (binary correctness) but assigned weak incentives—a50

small CNY 5 penalty for errors. This mirrors organizational reality: many essential activities are observable51

ex post yet hard to reward at high power because they are diffuse and costly to attribute. To ensure that it52

is non-assistable by AI and to emphasize listening/comprehension over arithmetic, the instructions for the53

calculation tasks are presented and explained by an experimenter using a projector. The answer is submitted54

on paper on which the subject’s ID is also written. Following Holmström and Milgrom (1991), we implement55

the incentive asymmetry induced by measurability through the pay structure, rather than by making the56

secondary task noisy or unmeasurable.457

Our findings unfold in three steps. First, in Stage 1 without any AI assistance, the stronger writing58

incentives in the AI-High group reduce performance on the concurrent calculation task. This is exactly in59

line with multitasking theory: high-powered incentives on one measurable task pull attention away from60

3Shenzhen Qingchuang Zhiyuan Industrial Group Co., Ltd. (also known as “Meta Youth City”: https://www.hxqcy.com/)
develops and operates smart industrial parks in Shenzhen, staffed by corporate managers, technical staff, property-operations
teams, customer-facing service personnel, and a marketing team. The Shenzhen branch of the Industrial and Commercial Bank
of China (ICBC) provides corporate and retail banking and is staffed by relationship managers, risk and compliance personnel,
operations support, technology/data teams, and customer service staff. CESEC, short for CESI (Shenzhen) Electronic Infor-
mation Products Standardization Engineering Center Co., Ltd., is the Shenzhen branch of the National Engineering Research
Center of Standardization of Electronic Information Products (https://www.cesi.cn/nercfsoeip/page/) and is a Shenzhen-based
engineering center dedicated to standardization and conformity assessment for electronic information products, supporting na-
tional and industry standard development, testing and certification services, and industry-wide standardization implementation.

4Gibbons (1998) further emphasizes that it is the structure of incentives, rather than measurability per se, that drives such
distortions. Friebel and Raith (2004) extend this view by showing that even when pay is tied to less observable tasks, imbalanced
incentives can still shift effort inefficiently.
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the secondary task and worsen its outcomes. Second, in Stage 2, where GenAI is available for writing in61

both AI-Low and AI-High, AI access substantially raises writing quality relative to NO-AI without harming62

calculation accuracy. Conditional on using AI, however, stronger writing incentives no longer improve writing63

quality (AI-High vs. AI-Low), but they do lead to a marked increase in calculation accuracy. This pattern64

is consistent with the incentive-reliance mechanism: under higher-powered incentives, participants appear65

to rely more heavily on GenAI for the incentivized task, freeing cognitive resources for the non-assistable66

calculation task. Heterogeneity results support this interpretation: among subjects without similar prior67

writing experience, who are plausibly more inclined to lean on AI in an unfamiliar task environment, the68

positive effect of stronger incentives on calculation performance is especially pronounced. This aligns with69

recent evidence that physicians are more receptive to AI recommendations when prescribing in unfamiliar70

domains (Wang et al., 2025). Third, in the Stage-3 single-task benchmark, generative AI again improves71

writing quality relative to NO-AI, but stronger incentives in AI-High still do not generate additional gains72

over AI-Low once AI is available. This suggests that, in our short-horizon writing task, variation in incentives73

and AI reliance has limited room to affect final performance in a single-task setting; the main impact of74

stronger incentives operates through AI reliance and cognitive reallocation in the multitask environment of75

Stage 2.76

We contribute to the literature on the productivity impact of generative AI and related discussions in sev-77

eral aspects. First, to our knowledge, this is the first experimental study that explicitly embeds generative AI78

in a multitasking framework and asks whether AI exacerbates or alleviates the classic multitasking distortion79

between a strongly incentivized, measurable task and a complementary, weakly incentivized task. Second,80

we provide causal evidence on how GenAI interacts with asymmetric incentives in multitasking. Mecha-81

nistically, AI lowers the cognitive cost of producing measurable outputs; behaviourally, stronger incentives82

increase reliance on AI for the primary task and thereby generate a positive spillover to the non-assistable83

secondary task, a pattern that is new to the experimental literature on generative AI and algorithmic advice.84

These findings clarify when incentives and AI act as complements versus substitutes. In our multitask85

environment, high-powered incentives complement GenAI by encouraging greater AI reliance and freeing86

cognitive resources for complementary work, whereas in the single-task benchmark AI largely determines87

performance and additional incentives have little room to improve quality once AI is available, so that88

incentives and AI effectively operate on the same margin. Organizationally, this informs incentive design89

and task allocation in AI-integrated firms: where AI meaningfully reduces primary-task load, firms can90

strengthen incentives on that task without neglecting complementary, harder-to-reward activities — and91

may even improve them via freed capacity (Gambacorta et al., 2024; Brynjolfsson and Li, 2024). The92

spillover pattern we document is also consistent with evidence that GenAI disproportionately benefits less-93

experienced workers and with cognitive accounts of reduced switch costs when one component task becomes94

less demanding (Brynjolfsson et al., 2025; Monsell, 2003).95

Literature review. Although prior studies have examined the impact of artificial intelligence on writing96

tasks and its expanding application to more complex domains such as coding, none have yet addressed AI’s97
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role in multitasking environments where certain tasks lie beyond the scope of AI assistance. Micro-level98

evidence from laboratory and field experiments has consistently demonstrated that generative AI enhances99

productivity—particularly for lower-ability workers—across diverse domains such as writing, software devel-100

opment, and customer service, with heterogeneous effects varying by size, including faster writing (Noy and101

Zhang, 2023), faster coding task completion (Peng et al., 2023; Cui et al., 2025; Gambacorta et al., 2024),102

significant gains among inexperienced customer service agents (Brynjolfsson et al., 2025), and boosts for103

less experienced users in coding (Kreitmeir and Raschky, 2024) and creative tasks (Chen et al., 2025; Doshi104

and Hauser, 2024; Zhou and Lee, 2024; Zou and Zhu, 2025; Dell’Acqua et al., 2023; Talypova et al., 2024;105

Uhunoma, 2025; Bonin et al., 2025; Hoffmann et al., 2024; Bohren et al., 2024; Ju and Aral, 2025); recent106

literature further highlights cases where effects turn negative for experienced or high-ability individuals on107

routine (Fang et al., 2025) or high-creativity tasks (Nakavachara et al., 2024; Huang et al., 2024; Hou et al.,108

2025), as well as risks of productivity losses due to role shifts (Eloundou et al., 2024), workflow disruptions109

(Vaccaro et al., 2024), and task difficulty amplification (Simkute et al., 2024).5 However, a critical gap110

persists in translating these insights from single-tasking studies to real-world workplaces, where multitasking111

is inherent to many roles. Hence, our results illuminate the role of generative AI in such settings, where112

only a subset of tasks can be directly assisted: the productivity gains in AI-supported tasks may spill over113

to those that cannot benefit from AI.114

Although related, our study is more closely connected to the multitasking literature than the economics115

literature on the effect of interruptions on productivity. The latter typically emphasizes unexpected inter-116

ruptions and their adverse effects on productivity.6 In contrast, our experiment explicitly informed subjects117

at the beginning of each stage that they would be interrupted during the writing task by a secondary calcu-118

lation task at a pre-specified time, and they could decide which task to work on after finishing listening to119

the calculation instructions. This design enables subjects to make forward-looking decisions about how to120

allocate cognitive resources—such as attention—across tasks, a perspective consistent with models in which121

attention is optimally allocated in anticipation of payoffs and informational value (Tasoff and Madarász,122

2009).123

A rich body of literature has demonstrated that incentivizing measurable tasks can crowd out effort on124

less measurable or non-incentivized ones, especially when agents face uncertainty about task performance125

or evaluation criteria. For example, Fryer and Holden (2012) show that incentives may reduce effort on126

non-incentivized tasks by revealing ability gaps and lowering motivation. Other studies emphasize that127

multitasking choices are shaped by factors such as subjective performance evaluations, cognitive costs of128

switching, and task substitutability (Manthei and Sliwka, 2019; Schumacher et al., 2001; KC, 2014).129

Our experimental design bridges insights from psychology and economics. Specifically, it leverages multi-130

tasking paradigms from cognitive psychology, where a secondary or “side” task is commonly used to measure131

5Also on the negative side of generative AI, a novel study by Melumad and Yun (2025) shows that learning through large
language models restricts the depth of learning than through web search.

6While some interruptions reduce productivity by disrupting attention and workflow continuity (Cai et al., 2018), others—
particularly unexpected interferences with idle time—can enhance creativity by stimulating cognitive processing and recovery
(Schweisfurth and Greul, 2024); an integrative review further underscores the need for clearer conceptual definitions and theory-
driven models to explain when and why such interruptions help or harm performance (Puranik et al., 2020).
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the cognitive load imposed by a primary task. Classic dual-task research demonstrates that concurrent per-132

formance of two tasks typically induces systematic interference, reflecting central processing bottlenecks and133

capacity limitations (Pashler, 1994; Wickens, 2008).7 Within cognitive load theory, dual-task methodology134

has been established as a direct and objective measure of cognitive demands: performance decrements on135

the secondary task are taken to reflect the cognitive load imposed by the primary task (Brünken et al., 2002,136

2003; Schoor et al., 2012). By embedding such a side task within our lab-in-the-field experiment, we create a137

two-task environment in which generative AI is applied only to the primary, high-incentive task. This setup138

allows us to assess how AI assistance affects not only the directly supported task but also performance in the139

secondary task, which serves as a proxy for residual cognitive load.8 The resulting pattern—improved out-140

comes in both tasks when AI is available—provides micro-level evidence for the mechanism through which141

AI mitigates classic multitasking distortions as formalized by Holmström and Milgrom (1991). In other142

words, by lowering the cognitive demands of the primary task, AI frees attentional and mental resources,143

allowing subjects to maintain or even enhance effort in tasks that would otherwise suffer under asymmetric144

incentives. This design thus offers a clean test of the spillover effect of AI on multitask performance, linking145

cognitive load reduction to the alleviation of distorted effort allocation in organizational settings.146

In more general terms, recent work clarifies when and how generative AI shapes human behaviour. A large147

meta-analysis shows that human—AI teams typically underperform the best single agent on decision tasks yet148

can shine on open-ended creation, sharpening expectations for where assistance helps (Vaccaro et al., 2024).149

Field-scale evidence finds that providing LLM-generated ideas boosts judged creativity and writing quality150

while reducing the diversity of outputs, implying productivity gains with potential convergence of ideas151

(Doshi and Hauser, 2024). On attitudes and persuasion, sustained, tailored dialogues with an AI chatbot152

durably reduce conspiracy beliefs, illustrating that generative AI can shift entrenched views (Costello et al.,153

2024); in collective settings, AI-mediated summarization helps groups find common ground in democratic154

deliberation (Tessler et al., 2024). People feel more heard from AI-crafted supportive messages, but labeling155

the source as AI dampens that benefit (Yin et al., 2024). Finally, comparative tests caution against treating156

LLM behaviour as a drop-in surrogate for human cognition (Strachan et al., 2024) and offer guidance to157

avoid misusing LLMs as human stand-ins in behavioural research (Gao et al., 2025).158

2. Methods159

Experimental Design. We provide the important details of the methodology of our experiment. The160

study was approved by the Research Ethics Committee of the School of Economics and Management at161

Harbin Institute of Technology, Shenzhen and complied with all relevant guidelines. The study was not162

preregistered because it was designed as an exploratory investigation to generate behavioral and theoretical163

7In economics, Alonso et al. (2014) microfound limited cognitive capacity by modeling the brain as an organization that
allocates scarce processing resources across concurrently performed tasks, drawing on neuroscience evidence.

8Our key focus is not how the side task affects the main task nor to use the side task to measure how much cognitive load
the main task has consumed, as was done in psychology studies. Instead, our focus is on the side task itself: given that many
important tasks in the workplace are unmeasurable, we want to understand how AI helps to mitigate typical multitasking
problems.
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insights rather than to test pre-specified hypotheses. Participants provided informed consent before entering164

the experiments. Participants received a participation fee and were paid according to their decisions (details165

below).166

Experimental Procedure. Upon arrival, subjects were required to hand over their personal electronic167

devices, which were then kept by an experimenter. Each participant used a preconfigured iPad Mini with a168

Bluetooth keyboard using the oTree platform (Chen et al., 2016). The procedure followed this sequence:169

Stage 0: Subjects were introduced to the overall procedure and the payment/punishment rules for each170

task, and completed a comprehension test of 5 questions to ensure understanding. The experimental interface171

prevented subjects from advancing to subsequent pages if they did not answer all questions correctly. The172

subject had to continue entering revised answers by identifying his/her mistakes or receiving help from173

the experimental assistant. The experiment continued to the next section only if all subjects answered all174

questions correctly. In groups with access to an AI platform that we provide, this stage also included a 15-175

minute tutorial on how to write prompts for generative AI. This tutorial also contained a brief introduction176

to how to use the AI platform.9177

Stage 1: All subjects performed a 15-minute writing task on the experimental interface using the iPad178

mini and connected keyboard, during which a calculation task was introduced by an experimenter using a179

projector in the 6th minute. The calculation instructions continued to be shown on the projector until the180

end of the stage. Subjects were informed beforehand that their writing would be interrupted by a calculation181

task, but the exact timing and format of the interference were not disclosed. For the calculation task, they182

could calculate and write their answers on a piece of paper using a pen — both were provided at each183

seat before any subjects entered the lab. All subjects could choose which task to work on freely, but were184

required to submit their answer to the calculation task before the end of the writing task. That is, they185

had to multitask for the remaining 9 minutes of the stage. All subjects were forbidden from using the AI186

platform.187

Stage 2: This stage followed the same structure as Stage 1. That is, subjects completed another 15-188

minute writing task, with another calculation task inserted at the 6th minute. They were also required to189

write their answers on a new piece of paper, which was assigned before starting this stage. However, subjects190

in AI-Low and AI-High were allowed to use the AI platform when completing the writing task.191

Stage 3: Subjects again completed a 15-minute writing task, but this time without any calculation-task192

interference. All other aspects were the same as in Stage 2. That is, subjects in treatment groups that193

involved using AI were allowed to use the AI platform when completing the writing task, and subjects in194

AI-High faced an incentive that doubled that in NO-AI and AI-Low.195

Stage 4: All subjects completed a questionnaire regarding whether they had similar working experience196

as the tasks in the experiment and how helpful the AI was in completing the writing tasks (in AI-groups).197

They were informed that all payments from the experiment will be made through bank transfer via their198

respective companies. They were allowed to leave after everyone in the same session had finished the entire199

9See training materials of the tutorial in Appendix D.
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experiment.200

Writing Tasks. The three writing tasks were designed to emulate professional workplace reports. Task 1201

requires subjects to draft a turnover analysis report from an HR perspective, task 2 summarizes marketing202

department conflicts and proposes solutions, and task 3 requires an employee satisfaction report based203

on feedback data.10 Each task required 300—500 words within 15 minutes. Writing Tasks 1 and 2 were204

interrupted at minute 6 with a calculation challenge shown by a projector and read aloud by an experimenter;205

this way of presenting the calculation tasks prevents any subject from copying the task descriptions to the206

AI interface. Task 3 had no interference, serving as the single-tasking control.207

Calculation Tasks. Each calculation task required summing three separate three-digit figures, combining208

listening comprehension and manual calculation. Submissions were made on paper. In the first calculation209

task, subjects were asked to compute a company’s total product sales by aggregating data from multiple210

channels, while carefully accounting for returns, promotional sales, and items not counted as final sales. The211

second calculation task required calculating store replenishment needs for a holiday, considering demand212

forecasts, current inventory, and supplier delivery rules.213

Treatment NO-AI: This treatment serves as a control group. Subjects had no access to the AI platform214

in any stage. For each stage, a reward of CNY 100 per writing task is paid if a subject’s score is ranked in215

the top 50% among subjects in the same experimental session. For Stages 1 and 2, incorrect answers in the216

calculation tasks incurred a CNY 5 penalty. At the beginning of the experiment, subjects were informed217

that they would earn a CNY 50 show-up fee if they fully participated in the entire experiment.218

Treatment AI-Low: Subjects in this group had access to the AI platform that provides access to ChatGPT-219

3.5 in Stages 2 and 3. The reward rule for writing tasks in all stages, the punishment rule for calculation220

tasks in Stages 1 and 2, and the show-up fee and its payment rule are identical to those in NO-AI.221

Treatment AI-High: This treatment is equivalent to AI-Low in terms of AI-accessibility, the punishment222

rule for the calculation tasks, and the show-up fee. However, for the writing tasks in all stages, each subject223

is rewarded CNY 200 (that is, double the reward in NO-AI and AI-Low) if her/his score is ranked in the top224

50% among subjects in the same experimental session.225

AI Access and Monitoring. Because ChatGPT is not directly available in China, we built a dedicated226

experimental web platform connected to the ChatGPT-3.5 API. Subjects could copy task prompts into the227

AI, edit AI outputs, and submit modified results. No restrictions were imposed on how prompts could be228

used, but Stage 1 explicitly prohibited AI use. Subjects in AI-Low and AI-High were warned that using AI229

in Stage 1 would result in forfeiting all payments. AI usage logs were recorded through the backend, allowing230

verification of compliance.231

Performance Evaluation. Writing outputs were evaluated in a double-blind manner by 30 professional232

10See task descriptions in Appendix C.
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consultants from a local consulting company.11 Each submission was scored independently by five raters,233

based on logic, accuracy, practicality, innovation, and completeness (each up to 20 points; total 100). A234

subject’s final score was the average of five evaluations. Raters were paid CNY 5 per evaluation and received235

an additional CNY 10 bonus if their score was closest to the group average, incentivizing careful and unbiased236

assessment. Calculation tasks were scored as binary (correct/incorrect) with penalties applied.237

Participant Recruitment. A total of 175 employees were recruited from three Shenzhen-based companies,238

selected to capture diverse workplace environments. Recruitment was facilitated through internal company239

announcements distributed by a collaborating research institute.240

The sample includes 55 employees from ICBC, 63 from CESEC, and 57 from Qingchuang Zhiyuan. Sub-241

jects were required to register via an online form, reporting demographic information, education, hometown,242

ethnicity, monthly expenditures, and job role. They also completed a standardized language test with six243

multiple-choice questions from China’s National Civil Service Examination.244

Random assignment into the three treatments was stratified within each company to ensure balanced245

distribution. Baseline characteristics were checked to confirm no statistically significant differences across246

treatments. Each company was informed of group allocations and session times one week before the experi-247

ment, and employees were required to attend at their assigned times.12
248

Discussion of the experimental design. The experimental design enables us to disentangle two central249

questions. First, comparing the NO-AI and AI-Low groups in Stage 2 identifies the effect of generative AI on250

productivity in multitasking environments where the secondary task cannot benefit directly from AI. This251

comparison allows us to test whether the productivity gains observed in prior single-tasking studies extend252

to more complex settings where workers must divide attention across tasks. Second, comparing AI-Low and253

AI-High isolates the role of stronger economic incentives under AI assistance, shedding light on whether254

AI mitigates or amplifies the typical multitasking trade-off by altering performance on weakly incentivized255

tasks.256

Stage 1 serves as a baseline to establish the existence of multitasking effort distortions in the absence257

of AI. The improvement in performance from stage 1 to 2, across groups, provides evidence on how AI258

affects both the primary (writing) and secondary (calculation) tasks when cognitive load is present. Stage 3259

serves as another benchmark to compare the cost of calculation interference on writing performance across260

treatments, revealing how such a cost varies with AI accessibility and economic incentives.261

3. Results262

This section introduces our main findings. Summary statistics are provided in Table A.1. We randomized263

subjects into the three treatment groups based on demographics, role at work, and previous AI usage264

11See evaluators’ demographic information in Table A.4.
12Qingchuang Zhiyuan’s sessions were held September 25—26, 2024; CESEC’s, October 25—26, 2024; and ICBC’s, December

14—15, 2024.
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experience, which were elicited through a pre-experimental survey. Randomization analysis, provided in265

Table A.3, shows that it was successful.266

3.1. Writing performance267

In the first stage, the writing task scores are similar across the groups. Although the average score in AI-268

High (64.6) is higher than in AI-Low (60.3) and NO-AI (64.3), the differences are not statistically significant269

(p = 0.109 and p = 0.898, respectively).13 Thus, in the multitasking environment where no subjects had270

access to AI, the additional incentive in AI-High did not result in better performance.14 The latter two271

averages are also not statistically different from each other at the conventional level (p = 0.082). See the272

leftmost box plots in Figure 1 for stage-1 writing scores and the left panel of Figure 2 for distributions of273

the scores.274

In the second stage, subjects assigned to the AI-Low and AI-High treatments were given access to AI275

assistance, which resulted in a significant performance increase. The average writing score increased from276

63.5 in NO-AI to 74.7 in AI-Low and 74.1 in AI-High (p < 0.001 for both comparisons), consistent with277

findings from prior studies (e.g., Noy and Zhang (2023)). Similar to the first stage, there is no statistically278

significant difference between AI-Low and AI-High (p = 0.427). See the middle box plots in Figure 1 for279

the writing scores and the middle panel of Figure 2 for the distributions. Both illustrate the substantial280

difference between the AI-assisted groups and the NO-AI group. In fact, although the mean scores are281

statistically indistinguishable, Figure 2 suggests that the score distribution under AI-High is slightly shifted282

to the right relative to AI-Low.283

In the third stage, the calculation task was removed, while AI assistance is still available. Writing284

performance in both AI-assisted groups—AI-Low (75.8) and AI-High (77.4)—was significantly higher than285

in the NO-AI group (67.4), with p < 0.001 (see the leftmost box plots of writing scores in Figure 1 and286

the right panel of Figure 2 for corresponding distributions). Again, no significant difference was observed287

between the two AI-assisted groups in terms of performance. The score distributions of the AI-assisted288

groups are almost identical.289

To assess the impact of AI assistance and incentives on writing performance, we conduct OLS regressions290

for each writing task, as presented in Table 1. All models control for demographic characteristics, such291

as gender, education, and monthly expenses, and self-reported abilities in math, language, and computer292

skills, as well as prior AI experience. The NO-AI group is the baseline, with dummy variables for AI-Low293

and AI-High, and interactions with education and monthly expenses to explore heterogeneity. We select294

education and monthly expenses for heterogeneity analysis because they best approximate subjects’ income295

level, among other variables.15 Since our focus is the effect of economic incentives on performance in the296

13Unless otherwise specified, all non-parametric tests in the paper are Wilcoxon rank-sum tests.
14Our analysis of time spent in each stage (Section B.2) suggests that the null effect of the incentive may reflect a binding

time constraint. Nearly all subjects submitted Stage-1 work by the 15-minute deadline, implying that, even if they wished to,
those in AI-High had little scope to exert additional effort.

15All companies that participated in the experiment rejected the question inquiring about subjects’ income or any questions
partially related to it.
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Figure 1: Boxplots of writing scores. Left panel: Writing task 1; Middle panel: Writing task 2; Right
panel: Writing task 3.

Figure 2: Distribution of writing scores. Left panel: Writing task 1; Middle panel: Writing task 2; Right
panel: Writing task 3.

presence of AI assistance, the degree of sensitivity towards monetary incentives, which is likely correlated297

with subjects’ income, should be accounted for in the analysis.298

For writing task 1, regression (1) in Table 1 shows an insignificant coefficient for AI-High (-0.564, p >299

0.10), indicating that the higher incentive did not yield an overall performance boost under multitasking300

conditions without AI. This is consistent with Figure 1. Regression (2) introduces interaction terms between301

education level and the treatment dummies, revealing a positive main effect for AI-High (28.223, p < 0.05)302

and a significant negative coefficient of its interaction term with education (-9.415, p < 0.05). This suggests303
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that the higher bonus motivated less educated subjects more strongly, as they are likely to have lower income304

or be paid less at work, making them more responsive to the increased incentive. For AI-Low, which matched305

NO-AI’s incentive, the effects are insignificant except for a marginal negative coefficient in regression (1)306

(-4.199, p < 0.10). These observations show that the additional incentive in AI-High induced better writing307

performance for a subset of subjects (i.e., less educated ones) in AI-High than those in NO-AI. Regression308

(3) finds no significant interaction for AI-High with monthly expenses (1.250, p > 0.10). For regression (2),309

the Wald tests reject the null hypothesis that the parameters of the variables AI-Low and AI-High are equal310

(p = 0.017).16 Hence, the additional incentives in AI-High did play a role in the writing task. However, the311

hypothesis is not rejected in regression (1) and (3) (p = 0.22 and p = 0.744, respectively).312

For writing task 2, regression (4) in Table 1 shows strong positive effects for both AI-Low (11.981,313

p < 0.01) and AI-High (10.137, p < 0.01), showing that generative AI enhances writing performance in314

the multitasking environment. The Wald test does not reject the null hypothesis that the coefficients of315

AI-Low and AI-High are equal (p = 0.520), implying that incentives play a less essential role in determining316

writing performance in the presence of AI assistance. Regression (5) includes education interactions, which317

amplify AI benefits and, again, show a negative moderation for AI-High (-8.258, p < 0.01). Hence, the318

observation in stage 1 that lower-educated subjects performed better in the writing task in AI-High than319

in NO-AI carries to stage 2. Regression (6) shows a negative coefficient on the interaction term between320

AI-High and monthly expenses (-2.017, p < 0.10), implying that lower-spending subjects performed better321

in AI-High than in NO-AI. However, AI-Low’s interaction terms with education and with monthly expense322

are not statistically significantly different from zero. That is, subjects benefited similarly from the AI tool323

provided in the experiment. Hence, the heterogeneous performance difference between NO-AI and AI-High324

is most likely driven by the stronger incentive in the latter, rather than the AI accessibility. For (5) and325

(6), Wald tests also show no significant differences between AI-Low and AI-High (p = 0.197 and p = 0.744,326

respectively)—consistent with the finding in (4) that the stronger incentive plays a less important role in327

boosting writing performance.328

For writing task 3, regression (7) shows positive effects for AI-Low (9.354, p < 0.01) and AI-High (10.014,329

p < 0.01). The Wald test, again, shows no difference in their coefficients (p = 0.756). Regression (8) shows330

significantly negative coefficients of the interaction terms between education and the treatment dummies331

(AI-Low: -7.512, p < 0.01; AI-High: -6.626, p < 0.01). It indicates that generative AI offered less benefit332

to highly educated subjects. This is different from what is observed in regression (5), suggesting that the333

effect of AI in the multitasking environment can be different from that in the single-tasking environment.334

Regression (9) shows a marginally positive effect for AI-High with monthly expenses (7.576, p < 0.10), but335

other interactions are insignificant. In both regressions (8) and (9), Wald tests find no significant differences336

between AI-Low and AI-High (p > 0.50), suggesting that, without the calculation task, AI assistance leveled337

performance across incentive levels.338

16The Wald test refers to the sum of coefficients of AI-High and AI-Low whenever there are interaction terms involving these
treatment dummies in regressions. Specifically, the Wald test in regression (2) of Table 1 refers to the following null hypothesis:
βAI-High + βAI-High×Education · Education = βAI-Low + βAI-Low×Education · Education.
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[Insert Table 1 here]339

3.2. Calculation Performance340

Performance on the first calculation task, measured by its accuracy, does not differ significantly across groups;341

all pairwise comparisons yield p > 0.2. Nonetheless, the accuracy rate in the AI-High group (0.59) is lower342

than in the other two groups (0.70 in NO-AI and 0.68 in AI-Low) by around 10 percentage points, consistent343

with the multitasking theory (Holmström and Milgrom, 1991) which predicts that the additional incentive344

on the writing task in AI-High may have distorted effort allocation more strongly. That is, subjects may345

have prioritized writing over the calculation task, reducing accuracy on the latter due to divided attention.346

See the left panel of Figure 3.347

Figure 3: Calculation accuracy. Left panel: Calculation task 1; Right panel: Calculation task 2

The right panel of Figure 3 shows a substantially higher rate of task-2 calculation-accuracy in the AI-348

High group compared to the other groups; the differences are statistically significant (p < 0.05 for both349

comparisons). Recall that in all three groups and for both calculation tasks, the incentive is constant —350

inaccurate calculation results in a CNY 5 penalty. Moreover, the AI tool can only be used in writing tasks,351

rather than the calculation tasks. Hence, the finding supports the prediction that greater incentives on the352

writing task increase AI-reliance, which frees attention for the calculation task and increases accuracy.353

OLS regressions in Table 2 confirm the lower stage-1 accuracy in AI-High. Regressions (1) and (3) reveal354

a significant negative effect for AI-High (-0.186, p < 0.05; -0.539, p < 0.05), indicating lower calculation355

accuracy compared to NO-AI. Again, these results support the multitasking theory. The Wald test shows356

that the coefficients of the treatment dummies in regression (1) are not significantly different from each other357

at the conventional level (p = 0.101). Yet, the parameters for AI-High and AI-Low are significantly different358

from each other in regression (3) (p = 0.006). Regression (2) shows an insignificant main effect for AI-High359
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(-0.480, p > 0.10) with a positive but insignificant education interaction (0.095, p > 0.10). However, the360

Wald test rejects the hypothesis that AI-High and AI-Low share the same parameter (p = 0.032), supporting361

the negative impact of AI-High on stage-1 calculation accuracy. AI-Low coefficients are insignificant across362

all three regressions, consistent with its identical stage-1 environment to NO-AI.363

[Insert Table 2 here]364

Regression (4) in Table 2 confirms the significant positive effect for AI-High (0.298, p < 0.01) in stage-2365

calculation, suggesting improved calculation accuracy compared to NO-AI. Regression (5) further confirms366

this effect (0.892, p < 0.01) but reveals a negative education interaction (-0.197, p < 0.05), indicating that367

lower-educated subjects’ calculation accuracy is significantly better in AI-High than in NO-AI. Regression368

(6) shows a positive effect for AI-High (0.707, p < 0.01) with an insignificant monthly expense interaction369

term (-0.083, p > 0.10). AI-Low coefficients remain insignificant across (4)-(6), suggesting that AI assistance370

on the writing task alone does not boost calculation accuracy.17
371

In summary, the higher stage-2 calculation accuracy in AI-High cannot be attributed to AI assistance372

alone, as the average accuracy rate is lower in AI-Low than in AI-High, even though AI-assistance was373

accessible in both treatments, and the coefficients of AI-Low are never significantly different from zero in374

regression (4)-(6) in Table 2. Given that the only difference between AI-Low and AI-High is that the latter375

doubles the incentive for writing tasks in the former, the results in subsections 3.1 and 3.2 reflect a novel376

cross-task spillover effect of economic incentives in the presence of AI assistance. Specifically, the stronger377

incentive for the writing tasks in AI-High did not lead to better writing performance than that in AI-Low378

in stage 2, yet it did result in higher calculation accuracy. We explore this effect further in the following379

section.380

3.3. Calculation accuracy improvement381

To further understand the impacts of AI on both tasks and how they vary with incentive change, we investi-382

gate how much generative AI improves performance in both tasks in this section. We focus on performance383

improvement in the calculation tasks to understand the spillover effect of incentives between tasks better.384

For the calculation task, we categorize subjects into the following three sub-samples according to the385

dynamics of their performance: (1) Worse: submitted the right answer in stage 1 but wrong answers in386

stage 2; (2) Equal: either submitted a wrong answer in both stages or submitted the correct answer in both387

stages; (3) Better: submitted a wrong answer in stage 1 but the correct answer in stage 2. The following388

contingency table shows how the three sub-categories were distributed in each treatment group:389

[Insert Table 3 here]390

According to Table 3, the AI-High group exhibits the greatest improvement: the greatest number/percentage391

of accuracy improvement and the least number of worsened accuracy. The pairwise Chi-squared tests are392

17The observations from OLS regressions in Table 2 are consistent with logit and probit regressions, shown in Table A.5 and
A.6.
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aligned with this observation; both NO-AI vs. AI-High and AI-Low vs. AI-High yield p < 0.05. There is no393

statistical difference between NO-AI and AI-Low. This observation, together with the previous findings in394

Figure 3 and Table 2, supports the spillover effect of economic incentives in the presence of generative AI. In395

particular, since there is no difference between NO-AI and AI-Low in either stage-2 calculation accuracy or396

accuracy improvement from stage 1 to 2, AI adoption alone does not play a role. The statistically significant397

difference in both stage-2 accuracy and the accuracy improvement between AI-High and AI-Low suggests398

that the doubled incentive for the writing task in the former boosted calculation accuracy. Crucially, this399

spillover effect of economic incentives between tasks only exists when generative AI is accessible: the stage-1400

calculation accuracy is, if anything, lower in AI-High, which is consistent with distorted effort allocation401

predicted by the multitasking theory.402

To further quantify the spillover effect of economic incentives, we estimate difference-in-difference regres-403

sions on stage 1 and 2 calculation accuracy using samples of AI-Low and AI-High groups, as shown in Table404

4. The dependent variable is a binary indicator of whether calculation task 1 or 2 is submitted correctly by405

a subject. Independent variables include the AI-High dummy, which captures group differences, the stage406

2 dummy, which captures the stage differences, and their interaction, capturing differential improvement in407

stage 2 for AI-High.408

Regression (1) in Table 4 confirms the significant calculation accuracy improvement, while regression (2)409

and (3) show that the observation is robust after gradually including controls and company fixed effects.410

These observations align with the contingency table in Table 3, where AI-High had the highest share of411

"Better" performers (17 out of 56) versus AI-Low (7 out of 59), confirming the spillover effect of incentives412

between tasks. Regression (4)-(7) explores the underlying mechanism behind the spillover effect observed413

previously and in (1)-(3). The triple interaction with monthly expenses in (4) is negative and marginally414

significant (-0.126, p < 0.10), suggesting that lower-spending subjects in AI-High experienced slightly greater415

spillover. Regression (5) shows an insignificant interaction with education (-0.241, p > 0.10), implying that416

the spillover effect is not heterogeneous by education level, though Table 1 and 2 show that lower-educated417

subjects in AI-High performed better in both writing and calculation tasks in stage 2 than they did in NO-AI.418

Regressions (6) illustrates interesting heterogeneity of the spillover effect, which supports the dominant419

role of the incentive-reliance mechanism. The triple interaction term with whether the subject had previous420

experiences working on tasks similar to the writing tasks in our experiment in (6) has a significantly negative421

coefficient (-0.759, p < 0.01). That is, those who reported never having any experience similar to working on422

the writing tasks exhibited a stronger spillover effect, i.e., their difference in calculation accuracy improvement423

between the AI-assisted groups is significantly greater than those who had previously experienced similar424

tasks.18
425

[Insert Table 4 here]426

To gain an even deeper view of the mechanism, Table 5 provides OLS regressions of stage-1 and stage-2427

18Table A.10 and A.11 present logit and probit regressions using the same variables as (1)-(6) in Table 4 and show that its
results are robust.
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calculation accuracy as dependent variables, respectively, and the AI-High dummy and its interaction with428

the control variables, respectively, in Table 4 as independent variables, using AI-Low and AI-High samples.19
429

Table 5 shows that the interaction between AI-High and previous similar experience is insignificant in430

Stage 1 (regression (4)) but becomes significantly negative in Stage 2 (regression (8)). This indicates that431

the larger improvement in calculation accuracy from Stage 1 to Stage 2 among subjects without prior similar432

writing experience is unlikely to result from any initial disadvantage in writing — due to their lack of such433

experience — that could have induced stronger effort distortion. Instead, it is more plausibly driven by434

their tendency to rely excessively on AI under AI-High, thereby conserving more cognitive resources for the435

calculation task.20 This rapid delegation may stem from the high-powered incentives in AI-High, which create436

a perception of a hyper-competitive environment, coupled with lower self-confidence in an unfamiliar writing437

task.21 In AI-High, inexperienced writers appear to delegate more decisively (though not necessarily to438

copy more), reducing internal uncertainty about the writing outcome and stabilizing attention, thus freeing439

resources for the concurrent calculation task. Because writing quality already approaches an AI-assisted440

plateau, higher bonuses no longer improve writing performance; instead, they tighten execution discipline441

and reduce switching and monitoring costs, which manifest as improved calculation accuracy.442

[Insert Table 5 here]443

The same does not hold when analyzing the effect of AI adoption alone on the calculation task. Regression444

(1)-(3) in Table 6 conduct difference-in-difference analysis similar to (1)-(3) in Table 4, except for using445

the NO-AI and AI-Low sample (hence, the AI-High dummy in the latter is replaced by AI-Low in the446

former). The interaction term Stage 2 × AI-Low is positive but not statistically significant, implying that AI447

assistance alone did not meaningfully offset the decline in accuracy observed in the second stage. Therefore,448

AI assistance on the writing task alone does not affect calculation accuracy.449

[Insert Table 6 here]450

3.4. Writing performance improvement451

For completeness, we move on to writing performance dynamics from stage 1 to 2, showing the effect of AI,452

and from stage 2 to 3, revealing how the cost of interference on writing performance varies with whether AI453

is accessible and whether there is an additional incentive.454

Effect of generative AI. We calculate the difference between the stage 2 score and stage 1 score for455

each subject, ∆21. The average differences are 0.01 (NO-AI), 11.11 (AI-Low), and 9.11 (AI-High). Both456

AI-assisted groups significantly outperform the NO-AI group (p < 0.001 for both comparisons), while the457

19Table A.7 provides OLS regressions on stage 1 and 2 writing scores, corresponding to Table 5.
20In regressions where time spent in Stage 2 is the dependent variable, we include AI-High, similar work experience, and

their respective interactions with AI-High as independent variables, using both AI-High and AI-Low samples. None of these
independent variables are significant, suggesting that time spent does not differ across treatments or individual characteristics.

21Indeed, whether subjects had prior similar writing experience is uncorrelated with their self-assessed language ability or
their performance in the pre-experimental Chinese language test.
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difference between AI-Low and AI-High is not significant (p > 0.1). This suggests that AI substantially458

improves writing performance, with additional incentives having no significant effect.459

Regression (8) and (9) in Table 4 using the AI-Low and AI-High sample show that the interaction term460

AI-High × Stage 2 is insignificant, confirming no additional incentive impact beyond AI on the writing461

performance improvement. Regression (4)-(6) in Table 6 using the NO-AI and AI-Low sample show that462

the interaction term AI-Low × Stage 2 is significantly positive. This result further confirms our observation463

in previous subsections that using generative AI brings a larger improvement in writing performance than464

not using it, whereas additional incentive does not affect writing performance. Table A.9 extends the465

analysis to incorporate triple interaction terms with subject characteristics as those in Table 4 and shows no466

heterogeneity effects.467

The findings reveal the flip side of the spillover effect of economic incentives that we discussed earlier in468

the calculation tasks. That is, the additional incentive improves the calculation performance, while it has no469

effect on the writing task, even though the additional incentive is imposed on the latter, in the presence of470

generative AI. Table A.7 using the AI-Low and AI-High samples confirms this observation by showing that471

the AI-High dummy and its interactions with education, monthly expense, and previous similar experience472

are never significant in regressions with writing scores in stage 1 and 2, respectively, as dependent variables.473

Cost of interference. We also calculate the difference between the stage-3 and stage-2 writing scores for474

each subject, ∆32. The average differences are 3.92 (NO-AI), 1.11 (AI-Low), and 1.70 (AI-High); no pairwise475

comparisons are statistically significant at the conventional level, though the improvement is substantially476

higher in NO-AI, suggesting a greater cost of interference without AI.22
477

Regression (1)-(3) in Table 7 using the AI-Low and AI-High sample shows insignificant coefficients for478

Stage 3, AI-High, and their interaction term on the dependent variable, writing scores. Regression (4)-(6),479

on the other hand, use the NO-AI and AI-Low sample, also show insignificant coefficients for the interaction480

term AI-Low × Stage 3. Hence, consistent with the pairwise comparisons of ∆32, neither the generative481

AI nor its combination with additional incentive on writing tasks had a meaningful effect in mitigating the482

impact of calculation interference on writing performance.483

[Insert Table 7 here]484

4. Discussion485

In our lab-in-the-field dual-task experiment with employees from diverse firms, participants completed an486

incentivized, measurable writing task alongside a simultaneous calculation task that cannot benefit from AI.487

When we grant GenAI access for writing, writing quality improves without degrading calculation perfor-488

mance. Strikingly, when incentives on the AI-assisted writing task are strengthened, calculation accuracy489

rises sharply (by over 20 percentage points). This pattern is inconsistent with the effort-diversion prediction490

22The difference between NO-AI and AI-High is marginally significant with p = 0.077.
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of classic multitasking models (Holmström and Milgrom, 1991) and is instead consistent with a channel in491

which higher-powered incentives increase reliance on GenAI for the primary task, in line with evidence from492

human–algorithm interaction that incentives can shift tool use (e.g., Greiner et al., 2025; Bockstedt and493

Buckman, 2025; Neumann et al., 2022; Saragih and Morrison, 2022).494

We interpret these results through a cognitive-resource mechanism: GenAI reduces the processing de-495

mands of the incentivized writing task, and stronger incentives increase the propensity to rely on GenAI496

rather than on one’s own deliberation, freeing up capacity that can be redeployed to the non-assistable calcu-497

lation task.23 Heterogeneity patterns reinforce this reading: spillovers to calculations are largest for subjects498

who do not have prior work experience similar to the writing task in our experiment. A plausible inter-499

pretation is that they may be less confident24 about their writing performance; when competitiveness rises500

under the larger bonus in the AI-High condition, they rely more on GenAI and engage in less independent501

thinking, which reduces the human cognitive load of writing and generates larger spillovers to calculation.25
502

These results refine our understanding of multitasking under technological asymmetry. When GenAI503

lowers the cognitive cost of an incentivized, measurable task and stronger incentives induce greater reliance504

on GenAI, incentives can improve—rather than crowd out—performance on concurrent tasks that resist505

automation. Our findings also complement the growing single-task GenAI literature, which often finds506

larger gains for less experienced workers in writing, coding, and customer support (Noy and Zhang, 2023;507

Peng et al., 2023; Cui et al., 2025; Brynjolfsson et al., 2025; Kreitmeir and Raschky, 2024). We extend508

this evidence by showing that GenAI can generate indirect benefits for tasks it cannot perform, operating509

through incentives, reliance on AI, and reduced cognitive load. Overall, GenAI is not only a substitute for510

human effort on the assisted task; it can function as a capacity-relief technology that changes how incentives511

propagate across tasks—a theme emphasized in theories of contracting and the organization of knowledge,512

where incentives in one activity shape behavior in other, interdependent activities (Fuchs et al., 2015).513

Spillovers are most likely when the primary task is AI-assistable and strongly incentivized, the concur-514

rent task is weakly incentivized and non-assistable, AI meaningfully improves quality without offsetting515

supervision costs, and deadlines allow redeployment of freed capacity. When time pressure binds without516

AI, stronger incentives do not raise performance; when both tasks are equally (un)assistable, the resource-517

relief channel weakens and classic multitasking distortions are more likely to re-emerge. These boundaries518

help identify settings where distortion concerns remain first-order versus those where incentive power can be519

23This interpretation is consistent with the dual-task logic in psychology, where secondary-task performance is used to index
the primary task’s processing demands (e.g., Pashler, 1994; Wickens, 2008; Brünken et al., 2002, 2003; Schoor et al., 2012;
Schorr et al., 2003).

24Importantly, this need not reflect lower writing ability. In our data, heterogeneity by baseline language test scores and
by self-rated writing ability (elicited in the pre-experimental questionnaire) does not support the claim that these subjects are
objectively less able at writing.

25We do not find statistically significant differences between AI-Low and AI-High in observed measures of AI usage in stage
2, including (i) similarity between AI’s answers and the submitted work, (ii) total time spent (calculation was submitted on
paper, so we do not separately observe time by task), (iii) the time gap between the first prompt and task start, and (iv) the
time gap between the last prompt and submission. This does not undermine the interpretation above for two reasons. First,
the calculation task’s instructions require less than 40 seconds of attention, so reallocating attention to calculation is unlikely to
generate large, detectable shifts in these coarse AI-usage proxies. Second, similarity-based measures can be uninformative about
marginal reliance: a subject who initially relies less on GenAI may later adopt AI-provided structure or sentences, yielding
submitted text that is comparably similar to AI output even if the underlying reliance process differs.
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raised safely because the incentive-reliance channel turns extra motivation on the primary task into spillovers520

elsewhere.521

From a managerial perspective, organizations can attach high-powered incentives to AI-assistable, mea-522

surable deliverables without necessarily neglecting complementary, harder-to-measure work; improvements523

in the latter can arise through freed capacity when stronger incentives lead workers to rely more on AI as a524

tool. In bottlenecked sequential workflows, targeting incentives to AI-augmented stages may improve system525

performance, particularly for workers facing tighter ex-ante constraints. Because the largest spillovers ac-526

crue to less experienced subjects, onboarding, prompt-use training, and feedback for these groups may help527

mitigate distributional concerns. Where tasks are isolated and interference is minimal, extra bonuses may528

yield diminishing returns once AI lifts quality, arguing for investments in tooling, workflow integration, and529

prompt tutoring rather than ever-stronger pay-for-performance schemes.530

Our evidence concerns short-run responses with a quantitative secondary task; socially complex or531

coordination-intensive activities and longer-run learning remain open, testable cases. Future work can vary532

the nature and measurability of the secondary task and manipulate frictions to AI use (e.g., latency, verifica-533

tion) to separate genuine capacity relief from motivational or strategic channels, and can explicitly measure534

changes in AI reliance under different incentive schemes.535

When AI lowers the cognitive cost of producing measurable outputs, and stronger incentives induce536

workers to use AI more intensively on those outputs, incentives can be made bolder in multitasking settings537

without sacrificing—and sometimes enhancing—performance on tasks that resist automation. Rather than538

substituting for human effort, GenAI in our study relieves processing bottlenecks so that motivation operates539

more effectively across tasks. This synthesis—linking incentive theory, capacity-limit psychology, and field540

evidence from diverse firms—aims to inform the design of AI-enabled jobs and, more broadly, debates about541

how to harness GenAI for system-wide productivity while safeguarding the hard-to-measure work where542

human judgment remains indispensable.543
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Table 1: OLS regression analysis on writing performance

Writing Task 1 Writing Task 2 Writing Task 3
(1) (2) (3) (4) (5) (6) (7) (8) (9)

AI-Low -4.199* -3.077 -3.975 11.981*** 23.105*** 17.935*** 9.354*** 31.803*** 3.779
(2.498) (9.981) (7.312) (2.083) (7.819) (5.852) (1.913) (6.677) (9.643)

AI-High -0.564 28.223** -6.387 10.137*** 35.387*** 19.761*** 10.014*** 29.869*** 7.576*
(3.041) (12.153) (8.262) (3.011) (9.638) (5.445) (1.760) (6.208) (4.463)

AI-High × Education -9.415** -8.258*** -6.626***
(3.896) (2.956) (1.898)

AI-High × Monthly Expense 1.250 -2.017* 0.486
(1.642) (1.205) (0.970)

AI-Low × Education -0.340 -3.693 -7.512***
(3.096) (2.452) (2.003)

AI-Low × Monthly Expense -0.118 -1.207 1.208
(1.548) (1.174) (1.877)

Observations 175 175 175 175 175 175 175 175 175
R-squared 0.299 0.341 0.303 0.337 0.369 0.346 0.336 0.394 0.340
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: robust standard errors are reported in parentheses; significance levels against the (two-sided) null of a zero effect: * p<0.10, ** p<0.05, *** p<0.01.
The dependent variables are writing performance in stage 1 in (1)-(3), stage 2 in (4)-(6), and stage 3 in (7)-(9). The main independent variables are
dummies indicating whether the subject was in AI-Low, AI-High, and their interactions with education and monthly expense, respectively. All regressions
control for subjects’ age, gender, education, whether the subject is Han Chinese, whether they originate from the Guangdong Province where Shenzhen
belongs to, self-evaluated ability on math, language, computer, and previous experiences of using AI.
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Table 2: OLS regression analysis on calculation performance

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

AI-Low -0.039 0.241 0.094 0.052 0.349 0.378
(0.078) (0.312) (0.218) (0.088) (0.287) (0.266)

AI-High -0.186** -0.480 -0.539** 0.298*** 0.892*** 0.707***
(0.088) (0.345) (0.238) (0.086) (0.295) (0.234)

AI-High × Education 0.095 -0.197**
(0.111) (0.096)

AI-High × Monthly Expense 0.078 -0.086*
(0.049) (0.050)

AI-Low × Education -0.094 -0.099
(0.102) (0.096)

AI-Low × Monthly Expense -0.034 -0.068
(0.048) (0.055)

Observations 175 175 175 175 175 175
R-squared 0.283 0.296 0.308 0.320 0.335 0.334
Controls Yes Yes Yes Yes Yes Yes

Note: robust standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The
dependent variable is whether a calculation task in stage 1 (regression (1)-(3)) or 2 (regression (4)-(6)) is
answered correctly; the independent and control variables are the same as those in Table 1.

Table 3: The distribution of calculation task performance dynamics from stage 1 to 2.

Worse Equal Better Worse Equal Better
AI-High 10 29 17 AI-High 17.9% 51.8% 30.4%
AI-Low 19 33 7 AI-Low 32.2% 55.9% 11.9%
NO-AI 19 37 4 NO-AI 31.7% 61.7% 6.7 %

Note: Left panel: the number of subjects who had worse, equal, or better calculation performance from stage
1 to 2 in each treatment; Right panel: the percentage of subjects who had worse, equal, or better calculation
performance from stage 1 to 2 in each treatment.
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Table 4: Performance improvement from stage 1 to 2: AI-Low vs. AI-High

Calculation accuracy Writing performance
(1) (2) (3) (4) (5) (6) (7) (8) (9)

AI-High -0.089 -0.092 -0.098 -0.599** -0.651* -0.193 4.274 3.220 3.360
(0.091) (0.090) (0.091) (0.233) (0.380) (0.156) (2.751) (2.773) (2.797)

Stage 2 0.323 0.406 0.421 0.322 0.088 0.192 -13.304 -10.267 -10.489
(0.474) (0.499) (0.498) (0.529) (0.597) (0.514) (10.830) (13.490) (13.646)

AI-High × Stage 2 0.331** 0.327*** 0.328*** 0.905*** 1.069** 0.854*** -2.559 -2.322 -2.418
(0.129) (0.124) (0.125) (0.322) (0.489) (0.205) (3.288) (3.284) (3.281)

AI-High × Stage 2 × Mon. Exp. -0.133*
(0.071)

AI-High × Stage 2 × Education -0.247
(0.157)

AI-High × Stage 2 × Sim. Exp. -0.717***
(0.246)

Observations 230 230 230 230 230 230 230 230 230
R-squared 0.06 0.24 0.25 0.27 0.26 0.28 0.28 0.39 0.40
Controls No Yes Yes Yes Yes Yes No Yes Yes
Session FE No No Yes Yes Yes Yes No No Yes

Note: robust standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent variable is whether a calculation task in stage
1 or 2 is answered correctly for (1)-(6) and writing scores in (7)-(9). The independent variables include Stage 2, indicating whether the calculation task is
in stage 2 or 1, AI-High, indicating whether the subject is in AI-High or AI-Low, and their interaction term. Regression (4)-(6) include triple interactions
with Mon. Exp., which stands for monthly expense, Education, and Sim. Exp., which stands for similar previous writing experience, respectively. Control
variables include those in Table 1, the word-count of the subject’s submitted writing at the same stage, reflecting the effort on writing, the duration
in seconds that the subject spent in the corresponding stage, word-count in the interaction with the AI, and word-count of the AI’s last response. All
subjects in AI-High and AI-Low are included.
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Table 5: OLS regressions on calculation tasks: AI-Low vs. AI-High

Calculation Task 1 Calculation Task 2
(1) (2) (3) (4) (5) (6) (7) (8)

AI-High -0.122 -0.494 -0.552** -0.335*** 0.286** 0.401 0.327 0.712***
(0.098) (0.393) (0.261) (0.126) (0.114) (0.430) (0.250) (0.162)

AI-High × Education 0.122 -0.045
(0.128) (0.136)

AI-High × Monthly Expense 0.099 -0.015
(0.060) (0.054)

AI-High × Similar Experience 0.298* -0.601***
(0.156) (0.168)

Observations 115 115 115 115 115 115 115 115
R-squared 0.369 0.376 0.393 0.385 0.314 0.357 0.357 0.430
Controls Yes Yes Yes Yes Yes Yes Yes Yes

Note: robust standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent variable is whether a calculation task in
stage 1 or 2 is answered correctly; the independent variables include the AI-High dummy, indicating whether the subject is in AI-High or AI-Low, and its
interaction terms with Education, Monthly Expense, and previous Similar Experience, respectively. Control variables are the same as those in Table 1,
the word-count of the subject’s submitted writing at the same stage, reflecting the effort on writing, and the duration in seconds that the subject spent in
the corresponding stage. Regression (5)-(8) included additional control variables: stage-1 accuracy, word-count in the interaction with the AI, word-count
of the AI’s last response. All subjects in AI-High and AI-Low are included.
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Table 6: Performance improvement from stage 1 to 2: NO-AI vs. AI-Low

Calculation accuracy Writing performance
(1) (2) (3) (4) (5) (6)

AI-Low -0.022 -0.050 -0.047 -4.005 -3.702 -3.597
(0.086) (0.081) (0.082) (2.796) (2.452) (2.435)

Stage 2 -0.250*** -0.250*** -0.250*** -0.820 -0.820 -0.820
(0.088) (0.078) (0.078) (2.680) (2.152) (2.148)

AI-Low × Stage 2 0.047 0.047 0.047 15.206*** 15.206*** 15.206***
(0.126) (0.116) (0.116) (3.562) (3.127) (3.116)

Observations 238 238 238 238 238 238
R-squared 0.05 0.29 0.29 0.13 0.41 0.42
Controls No Yes Yes No Yes Yes
Session FE No No Yes No No Yes

Note: robust standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent
variable is whether a calculation task in stage 1 or 2 is answered correctly; the independent variables include
Stage 2, indicating whether the calculation task is in stage 2 or 1, AI-Low, indicating whether the subject is
in NO-AI or AI-Low, and their interaction term. Control variables are the same as in Table 1. All subjects
in NO-AI and AI-Low are included.

Table 7: Writing performance dynamics from stage 2 to 3

AI-Low vs. AI-High NO-AI vs. AI-Low
(1) (2) (3) (4) (5) (6)

AI-High -0.352 -1.033 -0.848 AI-Low 11.202*** 12.140*** 12.218***
(2.380) (2.670) (2.636) (2.207) (1.980) (1.991)

Stage 3 1.112 1.112 1.112 Stage 3 3.920* 3.920** 3.920**
(2.009) (1.964) (1.967) (2.370) (1.862) (1.869)

AI-High × Stage 3 1.917 1.917 1.917 AI-Low × Stage 3 -2.808 -2.808 -2.808
(2.953) (2.946) (2.928) (3.106) (2.784) (2.791)

Observations 230 230 230 Observations 238 238 238
R-squared 0.01 0.13 0.15 R-squared 0.16 0.40 0.40
Controls No Yes Yes Controls No Yes Yes
Session FE No No Yes Session FE No No Yes

Note: robust standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent
variable is the writing score in stage 2 and 3; the independent variables include Stage 3, indicating whether
the calculation task is in stage 2 or 3, AI-Low, indicating whether the subject is in NO-AI or AI-Low,
AI-High, indicating whether the subject is in AI-High or AI-Low, and interaction terms between Stage 3
and each treatment dummy. Control variables are the same as those in Table 1. All subjects in NO-AI and
AI-Low are included.
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A. Supporting tables674

Table A.1: Summary statistics

Variable Median Mean Std.Dv Min Max Obs
Age 30 30.92 5.632 22 54 175
Gender

Male 0 .474 .501 0 1 175
Female 1 .526 .501 0 1 175

Education
Secondary-vocational 0 .04 .197 0 1 175
Associate 0 .229 .421 0 1 175
Bachelor 0 .429 .496 0 1 175
Master 0 .297 .458 0 1 175
Doctoral 0 .006 .076 0 1 175

Is-Guangdong
NOT-GD 0 .486 .501 0 1 175
IS-GD 1 .514 .501 0 1 175

Is-Han
NOT-HAN 0 .046 .209 0 1 175
IS-HAN 1 .954 .209 0 1 175

Session-Code
GONGHANG 0 .314 .466 0 1 175
SAIXI 0 .36 .481 0 1 175
QINGCHUANG 0 .326 .47 0 1 175

Department-Type
Finance 0 .029 .167 0 1 175
Administration 0 .097 .297 0 1 175
Property 0 .029 .167 0 1 175
Operation 0 .343 .476 0 1 175
Technology 0 .24 .428 0 1 175
Management 0 .143 .351 0 1 175
Consulting 0 .12 .326 0 1 175

Monthly-Expense
<1000 0 .051 .222 0 1 175
1000-1500 0 .069 .253 0 1 175
1500-2000 0 .149 .357 0 1 175
2000-3000 0 .211 .409 0 1 175
3000-4000 0 .206 .405 0 1 175
4000-6000 0 .194 .397 0 1 175
6000-10000 0 .074 .263 0 1 175
>10000 0 .046 .209 0 1 175

Math-Top50 60 59.909 24.722 0 100 175
Math-Ability 7 7.36 1.804 1 11 175
Computer-Ability 7 7.28 1.711 2 11 175
Computer-Top50 60 60.103 23.925 0 100 175
Language-Top50 60 62.469 22.097 0 100 175
Language-Ability 8 7.526 1.688 2 11 175
Chinese-Error-Count 2 2.646 1.715 0 8 175
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Table A.2: Summary statistics (Continued)

Variable Median Mean Std.Dv Min Max Obs
AI-Society-Attitude

AI-Very-positive 0 .343 .476 0 1 175
AI-Positive 0 .411 .494 0 1 175
AI-Neutral 0 .24 .428 0 1 175
AI-Negative 0 .006 .076 0 1 175
AI-Very-negative 0 0 0 0 0 175

AI-Usage
AI-usage-occasional 1 .554 .498 0 1 175
AI-usage-work 0 .4 .491 0 1 175
AI-usage-entertainment 0 .194 .397 0 1 175

Work
work-creative 1 .754 .432 0 1 175
work-customer-service 0 .406 .492 0 1 175
work-writing 0 .217 .413 0 1 175
work-data-analysis 0 .451 .499 0 1 175
work-decision 1 .714 .453 0 1 175
work-negotiation 0 .497 .501 0 1 175

Table A.3: Randomization check

Variable No-AI AI-Low AI-High Overall Test Results
Mean SD Mean SD Mean SD Mean SD p-value

Age 30.783 6.405 31.576 5.742 30.375 4.559 30.920 5.632 0.513
Math-Ability 7.417 1.759 7.017 1.824 7.661 1.802 7.360 1.804 0.114
Math-Top50 61.350 23.488 54.814 26.306 63.732 23.813 59.909 24.722 0.124
Computer-Ability 7.267 1.645 7.051 1.716 7.536 1.768 7.280 1.711 0.289
Computer-Top50 59.033 23.110 59.153 23.820 62.250 25.154 60.103 23.925 0.666
Language-Ability 7.533 1.641 7.339 1.816 7.714 1.604 7.526 1.688 0.671
Language-Top50 63.517 22.050 59.542 22.493 64.429 21.801 62.469 22.097 0.588
Chinese-Error-Count 2.583 1.565 2.627 1.956 2.732 1.624 2.646 1.715 0.675
Is-Han 0.050 0.220 0.034 0.183 0.054 0.227 0.046 0.209 0.908
Education 2.983 0.965 3.017 0.820 3.000 0.739 3.000 0.844 0.576
Department-Type 4.250 1.590 4.593 1.428 4.911 1.418 4.577 1.498 0.102
Monthly-Expense 4.950 1.661 4.356 1.616 4.357 1.853 4.560 1.724 0.332
AI-Usage 4.083 1.555 3.932 1.639 4.643 1.470 4.211 1.578 0.285
Gender 1.533 0.503 1.508 0.504 1.536 0.503 1.526 0.501 0.948
Is-Guangdong 0.450 0.502 0.576 0.498 0.518 0.504 0.514 0.501 0.386
Session-Code 1.983 0.813 2.034 0.809 2.018 0.798 2.011 0.802 0.995
AI-Society-Attitude 1.833 0.763 1.966 0.830 1.929 0.735 1.909 0.775 0.743
Work-Creative 1.733 0.446 1.780 0.418 1.750 0.437 1.754 0.432 0.838
Work-Customer-Service 1.400 0.494 1.373 0.488 1.446 0.502 1.406 0.492 0.720
Work-Writing 1.150 0.360 1.254 0.439 1.250 0.437 1.217 0.413 0.298
Work-Data-Analysis 1.500 0.504 1.424 0.498 1.429 0.499 1.451 0.499 0.646
Work-Decision 1.650 0.481 1.746 0.439 1.750 0.437 1.714 0.453 0.396
Work-Negotiation 1.450 0.502 1.542 0.502 1.500 0.505 1.497 0.501 0.601
Observations 60 59 56 175

30



Table A.4: Evaluators

Variable Median Mean Std.Dv Min Max Obs
Age 33.5 33.267 5.362 23 42 30
Major

Engineering 1 .6 .498 0 1 30
Business 0 .2 .407 0 1 30
Economics 0 .067 .254 0 1 30
Environment 0 .033 .183 0 1 30
Social 0 .1 .305 0 1 30

Highest-Edu
Bachelor 1 .667 .479 0 1 30
Master 0 .333 .479 0 1 30

Current-Job
Business 0 .067 .254 0 1 30
Consult 0 .1 .305 0 1 30
Engineering 0 .233 .43 0 1 30
Manage 0 .2 .407 0 1 30
Research 0 .367 .49 0 1 30

Work-Experience
1 to 3 Years 0 .267 .45 0 1 30
4 to 5 Years 0 .1 .305 0 1 30
More Than 6 Years 1 .633 .49 0 1 30

Table A.5: Logit & Probit regressions for calculation task 1

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

AI-Low -0.490 -0.299 0.908 0.677 1.137 0.640
(0.497) (0.279) (1.785) (1.016) (1.904) (1.034)

AI-High -1.212** -0.715** -3.145 -1.802 -3.521** -2.113**
(0.531) (0.294) (1.966) (1.110) (1.544) (0.875)

AI-High × Education 0.634 0.352
(0.645) (0.361)

AI-High × Monthly Expense 0.488 0.293*
(0.306) (0.173)

AI-Low × Education -0.475 -0.328
(0.582) (0.328)

AI-Low × Monthly Expense -0.378 -0.214
(0.404) (0.214)

Intercept -2.443 -1.295 -2.295 -1.284 -1.457 -0.802
(3.053) (1.702) (3.081) (1.724) (3.066) (1.716)

Observations 175 175 175 175 175 175
Pseudo R-squared 0.263 0.264 0.275 0.277 0.296 0.299
Wald test p-value 0.159 0.142 0.024 0.021 0.004 0.002
Controls Yes Yes Yes Yes Yes Yes
Session FE Yes Yes Yes Yes Yes Yes

Note: Standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent variable is whether
a calculation task in stage 1 is answered correctly; the independent variables include treatment dummies
and their interactions with education and monthly expense, respectively. Control variables are the same as
those in Table 1. All regressions control for company fixed effect. All samples are included.
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Table A.6: Logit & Probit regressions for calculation task 2

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

AI-Low 0.321 0.196 3.273* 1.928** 2.379* 1.436*
(0.474) (0.271) (1.767) (0.983) (1.284) (0.766)

AI-High 1.759*** 1.022*** 5.812*** 3.428*** 4.199*** 2.500***
(0.538) (0.294) (2.038) (1.123) (1.384) (0.784)

AI-High × Education -1.306** -0.780**
(0.626) (0.352)

AI-High × Monthly Expense -0.501* -0.303*
(0.278) (0.158)

AI-Low × Education -0.931* -0.551*
(0.550) (0.314)

AI-Low × Monthly Expense -0.428 -0.255
(0.266) (0.158)

Intercept 2.151 0.995 0.357 -0.125 0.434 0.075
(3.175) (1.801) (3.251) (1.850) (3.297) (1.867)

Observations 175 175 175 175 175 175
Pseudo R-squared 0.277 0.279 0.294 0.296 0.292 0.294
Wald test p-value 0.007 0.005 0.132 0.122 0.097 0.091
Controls Yes Yes Yes Yes Yes Yes
Session FE Yes Yes Yes Yes Yes Yes

Note: Standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent variable is whether
a calculation task in stage 2 is answered correctly; the independent variables include treatment dummies
and their interactions with education and monthly expense, respectively. Control variables are the same as
those in Table 1. All regressions control for company fixed effect. All samples are included.
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Table A.7: OLS regressions on writing tasks: AI-Low vs. AI-High

Writing Task 1 Writing Task 2
(1) (2) (3) (4) (5) (6) (7) (8)

AI-High 2.836 28.834** -1.536 5.483 -1.522 10.624 5.044 -2.101
(3.128) (13.329) (8.198) (5.374) (3.011) (10.060) (6.341) (4.599)

AI-High × Education -8.509* -3.980
(4.368) (3.051)

AI-High × Monthly Expense 0.990 -1.498
(1.751) (1.511)

AI-High × Similar Experience -3.670 1.025
(6.388) (6.401)

Observations 115 115 115 115 115 115 115 115
R-squared 0.313 0.349 0.316 0.318 0.160 0.171 0.168 0.171
Controls Yes Yes Yes Yes Yes Yes Yes Yes

Note: robust standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent variable is writing scores; the independent
variables include the AI-High dummy, indicating whether the subject is in AI-High or AI-Low, and its interaction terms with Education, Monthly Expense,
and previous Similar Experience, respectively. Control variables are the same as those in Table 1. All subjects in AI-High and AI-Low are included.33



Table A.8: OLS regressions on calculation accuracy improvement from stage 1 to 2: NO-AI vs. AI-Low

Calculation accuracy
(1) (2) (3) (4) (5) (6)

AI-Low -0.022 -0.050 -0.047 0.083 0.378 0.109
(0.086) (0.081) (0.083) (0.231) (0.319) (0.161)

Stage 2 -0.250*** 0.116 0.157 -0.174 -0.234 0.141
(0.088) (0.613) (0.592) (0.651) (0.611) (0.629)

AI-Low × Stage2 0.047 0.033 0.032 0.204 0.113 -0.214
(0.126) (0.118) (0.118) (0.351) (0.422) (0.216)

AI-Low × Stage2 × Monthly Expense -0.032
(0.074)

AI-Low × Stage2 × Education -0.028
(0.133)

AI-Low × Stage2 × Similar Experience 0.344
(0.256)

Observations 238 238 238 238 238 238
R-squared 0.05 0.29 0.30 0.31 0.32 0.31
Controls No Yes Yes Yes Yes Yes
Session FE No No Yes Yes Yes Yes

Note: robust standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent
variable is writing scores; the independent variables include the AI-High dummy, indicating whether the
subject is in AI-High or AI-Low, and its interaction terms with Education, Monthly Expense, and previous
Similar Experience, respectively. Control variables include those in Table 1 and the amount of time spent
in stage 2. All subjects in AI-High and AI-Low are included.
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Table A.9: OLS regression analysis on writing performance improvement from stage 1 to 2: NO-AI vs. AI-Low

Writing performance
(1) (2) (3) (4) (5) (6)

AI-Low -4.005 -3.700 -3.596 -1.038 -2.864 -4.726
(2.796) (2.468) (2.448) (6.416) (9.565) (4.919)

Stage 2 -0.820 9.764 11.246 0.556 15.260 14.895
(2.680) (9.365) (9.788) (11.575) (12.454) (10.533)

AI-Low × Stage 2 15.206*** 14.772*** 14.760*** 16.630** 27.279** 17.606***
(3.562) (3.219) (3.198) (8.237) (11.623) (5.785)

AI-Low × Stage 2 × Monthly Expense -0.191
(1.680)

AI-Low × Stage 2 × Education -4.048
(3.527)

AI-Low × Stage 2 × Similar Experience -3.499
(6.880)

Observations 238 238 238 238 238 238
R-squared 0.13 0.41 0.42 0.43 0.44 0.43
Controls No Yes Yes Yes Yes Yes
Session FE No No Yes Yes Yes Yes

Note: robust standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent variable is whether a calculation task in
stage 1 or 2 is answered correctly; the independent variables include Stage 2, indicating whether the calculation task is in stage 2 or 1, AI-Low, indicating
whether the subject is in No-AI or AI-Low, and their interaction term. Control variables include those in Table 1 and the amount of time spent in stage
2. All subjects in NO-AI and AI-Low are included.
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Table A.10: Logit regressions for calculation performance dynamics: AI-Low vs. AI-High

(1) (2) (3) (4) (5) (6)
AI-High -0.383 -0.408 -0.430 -3.658*** -3.295* -1.007

(0.390) (0.483) (0.483) (1.335) (1.947) (0.832)
Stage 2 -0.846** 3.473 3.535 2.547 1.969 1.466

(0.382) (2.800) (2.768) (2.854) (3.252) (3.191)
AI-High × Stage 2 1.402** 1.872*** 1.882*** 5.590*** 5.094** 18.871***

(0.555) (0.673) (0.672) (1.824) (2.560) (1.259)
AI-High × Stage 2 × Monthly Expense -0.824**

(0.381)
AI-High × Stage 2 × Education -1.092

(0.864)
AI-High × Stage 2 × Similar Experience -18.053***

(1.433)
Observations 230 230 230 230 230 230
Pseudo R-squared 0.03 0.22 0.22 0.24 0.22 0.27
Controls No Yes Yes Yes Yes Yes
Session FE No No Yes Yes Yes Yes

Note: robust standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent variable is whether a calculation task in
stage 1 or 2 is answered correctly. The independent variables include Stage 2, indicating whether the calculation task is in stage 2 or 1, AI-High, indicating
whether the subject is in AI-High or AI-Low, and their interaction term. Regression (4)-(7) include triple interactions with Mon. Exp., which stands for
monthly expense, Education, and Sim. Exp., which stands for similar previous writing experience, respectively. Control variables include those in Table
1, the word-count of the subject’s submitted writing at the same stage, reflecting the effort on writing, the duration in seconds that the subject spent in
the corresponding stage, word-count in the interaction with the AI, and word-count of the AI’s last response. All subjects in AI-High and AI-Low are
included.
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Table A.11: Probit regressions for calculation performance dynamics: AI-Low vs. AI-High

(1) (2) (3) (4) (5) (6)
AI-High -0.236 -0.279 -0.291 -2.254*** -1.972* -0.639

(0.240) (0.275) (0.277) (0.755) (1.111) (0.479)
Stage 2 -0.526** 1.967 2.052 1.502 1.073 0.952

(0.236) (1.616) (1.610) (1.685) (1.844) (1.786)
AI-High × Stage 2 0.866** 1.081*** 1.092*** 3.292*** 3.084** 7.091***

(0.341) (0.384) (0.383) (1.034) (1.469) (0.680)
AI-High × Stage 2 × Monthly Expense -0.488**

(0.219)
AI-High × Stage 2 × Education -0.669

(0.487)
AI-High × Stage 2 × Similar Experience -6.598***

(0.789)
Observations 230 230 230 230 230 230
Pseudo R-squared 0.03 0.21 0.22 0.24 0.22 0.27
Controls No Yes Yes Yes Yes Yes
Session FE No No Yes Yes Yes Yes

Note: robust standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent variable is whether a calculation task in
stage 1 or 2 is answered correctly. The independent variables include Stage 2, indicating whether the calculation task is in stage 2 or 1, AI-High, indicating
whether the subject is in AI-High or AI-Low, and their interaction term. Regression (4)-(7) include triple interactions with Mon. Exp., which stands for
monthly expense, Education, and Sim. Exp., which stands for similar previous writing experience, respectively. Control variables include those in Table
1, the word-count of the subject’s submitted writing at the same stage, reflecting the effort on writing, the duration in seconds that the subject spent in
the corresponding stage, word-count in the interaction with the AI, and word-count of the AI’s last response. All subjects in AI-High and AI-Low are
included.
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Table A.12: Logit & Probit Analysis for Calculation Performance Dynamics: NO-AI vs. AI-Low

(1) (2)
Logit Probit

AI-Low -0.210 -0.121
(0.443) (0.260)

Stage 2 -1.207*** -0.733***
(0.371) (0.222)

AI-Low × Stage2 0.245 0.158
(0.543) (0.324)

Intercept -0.907 -0.516
(1.643) (1.010)

Observations 238 238
Pseudo R-squared 0.132 0.132
Controls Yes Yes
Session FE Yes Yes

Note: Standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent variable is whether
a calculation task in stage 1 or 2 is answered correctly; the independent variables include Stage 2, indicating
whether the calculation task is in stage 2 or 1, AI-Low, indicating whether the subject is in NO-AI or AI-Low,
and their interaction term. Control variables are the same as those in Table 1. All regressions control for
company fixed effect. All subjects in NO-AI and AI-Low are included.
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B. Further analysis675

B.1. Submission time676

First, we explore if the heterogeneous spillover effect is driven by those who submitted too soon or too late.677

Figure B.1 plots the empirical distribution of Stage-2 total time (seconds) by treatment (AI-Low vs. AI-678

High). Both groups display a pronounced spike at the 15-minute deadline (900s), indicating many subjects679

submitted at the cap. Apart from this cap-mass, the two distributions look very similar, with only a small680

share of observations in the short-duration tail. This motivates restricting the DID sample to a common681

same-time band that excludes extreme durations.682

Figure B.1: Stage 2 Duration distribution by treatment: AI-Low vs. AI-High. The common time band is
between [740, 900] seconds.

Table B.1 reports OLS DID regressions after restricting the sample to the interquartile range of Stage-2683

total time (25th-75th percentiles). This reduces the sample from 230 to 172 observations. Across speci-684

fications with and without controls and session fixed effects, the key DID coefficient, AI-High × Stage 2,685

remains positive and statistically significant (e.g., 0.330-0.338 in cols. 1-3; 0.711-1.398 in cols. 4-7; 1.060 in686

col. 6). Thus, the main spillover—greater calculation improvement in AI-High vs. AI-Low from Stage 1 to687

2—survives when comparing subjects who spent comparable time in Stage 2.688

Turning to moderators inside this band: the triple interaction with Similar Experience (AI-High × Stage689

2 × Similar Experience) is negative and significant (0.980, p<0.01 in col. 6), indicating that the spillover690

is stronger for those without prior similar writing experience. Monthly expense is not significant (col. 4),691

while Education shows a marginally negative coefficient (0.347, p<0.10, col. 5).692
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Table B.1: DiD OLS analysis controlling for same-time band

Calculation accuracy Writing performance
(1) (2) (3) (4) (5) (6) (7) (8) (9)

AI-High -0.148 -0.097 -0.095 -0.571** -0.768* -0.306* 4.664 2.737 2.934
(0.104) (0.105) (0.107) (0.285) (0.450) (0.177) (3.315) (3.172) (3.154)

Stage 2 24.196 8.220 8.464 4.796 10.981 11.631 -846.989 -646.617 -640.697
(20.585) (21.678) (21.684) (23.205) (21.568) (19.109) (528.243) (590.606) (601.941)

AI-High × Stage2 0.330** 0.335** 0.338** 0.711** 1.398** 1.060*** -3.031 -2.888 -2.993
(0.148) (0.138) (0.139) (0.355) (0.577) (0.228) (4.095) (4.016) (4.031)

AI-High × Stage2 × Mon. Exp. -0.084
(0.079)

AI-High × Stage2 × Education -0.347*
(0.180)

AI-High × Stage2 × Sim. Exp. -0.980***
(0.277)

Observations 172 172 172 172 172 172 172 172 172
R-squared 0.09 0.31 0.31 0.33 0.38 0.34 0.27 0.45 0.45
Controls No Yes Yes Yes Yes Yes No Yes Yes
Session FE No No Yes Yes Yes Yes No No Yes

Note: robust standard errors are reported in parenthese. The sample is restricted to be within 25 and 75 percentile of the stage 2 total time spent. Note
that 75 percentile is the 15 minutes cap as a substantial percentage of subjects still submitted at the cap. The dependent variable is whether a calculation
task in stage 1 or 2 is answered correctly for (1)-(6) and writing scores in (7)-(9). The independent variables include Stage 2, indicating whether the
calculation task is in stage 2 or 1, AI-High, indicating whether the subject is in AI-High or AI-Low, and their interaction term. Regression (4)-(6) include
triple interactions with Mon. Exp., which stands for monthly expense, Education, and Sim. Exp., which stands for similar previous writing experience,
respectively. Control variables include those in Table 1, the word-count of the subject’s submitted writing at the same stage, reflecting the effort on
writing, the duration in seconds that the subject spent in the corresponding stage, word-count in the interaction with the AI, and word-count of the AI’s
last response. All subjects in AI-High and AI-Low are included.
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B.2. Time analysis693

First stage time analysis. The average time spent in the stage was 14’50" for NO-AI, 14’58" for AI-Low,694

and 14’59" for AI-High; pairwise t-tests all yield p > 0.05, except for the comparison between NO-AI and695

AI-High, where p = 0.075. This similarity in effort is consistent with the similar writing performance across696

treatments and is likely due to the strict 15-minute time limit imposed for each task stage. Most subjects697

submitted their work just before the deadline, or it was automatically submitted when the time expired.698

Second stage time analysis. The average time spent in the second stage is significantly lower when AI699

assistance is available: 14’36" in the NO-AI group, compared to 13’03" in AI-Low and 13’01" in AI-High700

(p < 0.02 for both comparisons using the Wilcoxon rank-sum tests). There is no statistically significant701

difference between the two AI-assisted groups, which is consistent with their similar average scores.702

Third stage time analysis. The stronger incentive did lead to increased effort in the third stage: subjects703

in AI-High spent significantly more time on the task (12’45") compared to those in AI-Low (10’34"), with704

p < 0.01 for Wilcoxon rank-sum test. In addition, both AI-assisted groups spent less time than those in705

the NO-AI group (14’38"), with p < 0.05 for all comparisons. Given that section 3.1 shows no statistical706

difference in the writing performance between AI-assisted groups, the findings illustrate a substitution effect707

between AI usage and economic incentives in boosting productivity.708
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C. Experimental Instructions709

This section presents the majority of experimental instructions translated into English.710

Page 1: Welcome Page711

Dear colleagues from the XXXX company,712

Thank you very much for participating in this experiment! We deeply appreciate your time and involve-713

ment. The goal of this experiment is to study how generative artificial intelligence affects work efficiency714

under different workplace scenarios.715

You will receive a base participation fee of 50 RMB for fully participating the experiment. Additionally,716

you may earn extra compensation depending on your own performance and that of your colleagues during717

the experiment.718

Please stay focused and take each task seriously. Your understanding of the experiment rules will directly719

impact your compensation.720

To ensure the success of the experiment, please strictly follow the rules. Any rule violation may negatively721

impact the results and your earnings. If you have any questions, feel free to ask the experiment staff.722

Thank you again for your participation. We wish you the best in completing the tasks successfully!723

Page 2: Participant Information Entry724

- Please enter your full name (used to process payment).725

- Please enter your seat number (your current seat in the room).726

Page 3: Experiment Rules727

• Please silence or power off your mobile phone and place it in the designated area. It will be securely728

stored and returned after the experiment.729

• Please also hand over any other personal electronic devices (e.g., smartwatches, tablets). No personal730

electronics may be used.731

• Do not speak or communicate with others during the experiment. All tasks must be completed inde-732

pendently.733

• If you need help, raise your hand to get assistance from the experiment staff.734

• Follow the instructions and tasks displayed on the iPad. Each task has a strict time limit.735

• At the end of the experiment, you will be notified to leave and your personal belongings will be returned.736

Click confirm to proceed.737
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Page 4: Pre-Experiment Instructions738

(To subjects in AI-Low and AI-High Groups)739

You will now receive a 15-minute training session on how to use generative AI in the workplace.740

After the training, you will complete three simulated work tasks. You will receive compensation for each741

task based on performance.742

(To subjects in NO-AI Group)743

You will complete three simulated work tasks. You will receive compensation for each task based on perfor-744

mance.745

Page 5: Task 1 Instructions and Comprehension Check746

You will see a piece of text and be asked to write a 300–500 word business report.747

Over five industry professionals will evaluate your report based on usefulness, accuracy, logic, and originality.748

Your score will be the average of their ratings.749

Reward Conditions:750

• (To subjects in NO-AI & AI-Low:) 100 RMB if your score is in the top 50% among all subjects in751

today’s session.752

• (To subjects in AI-High:) 200 RMB if your score is in the top 50% among all subjects in today’s753

session.754

(To subjects in AI-Low & AI-High:) AI Use Restriction: You may NOT use generative AI for this task.755

Violations will result in loss of all rewards.756

Comprehension Questions:757

1. What is the highest possible reward from Task 1?758

A. 200 RMB, B. 100 RMB, C. 150 RMB, D. 50 RMB759

2. On what criteria will your writing be evaluated?760

A. Usefulness, B. Accuracy, C. Logic, D. Originality761

3. If your score is in the bottom 40%, how much will you earn?762

A. 0 RMB, B. 100 RMB, C. 200 RMB, D. 50 RMB763

4. If your score is in the top 10%, how much will you earn?764

A. 0 RMB, B. 100 RMB, C. 150 RMB, D. 200 RMB765

5. (AI-Low & AI-High): What happens if you use generative AI in Task 1?766

A. You lose all rewards, B. No influences, C. You obtain some rewards, D. You lose the opportunity767

to use generative AI.768

All questions must be answered correctly to proceed.769
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Page 6: Task 1 Writing (15-minute countdown)770

You will now see the material for the first work task.771

You are required to complete a business report (300–500 words) within 15 minutes. Please write your772

response in the text box at the bottom and click submit. If time runs out, your input will be automatically773

submitted.774

Note: You may be interrupted during the task and asked to complete a short task. Please complete the775

short task on the provided sheet and submit it to one of the experimenters before submitting your report.776

Task 1 Scenario: WanderWorld is a well-known online travel agency specializing in luxury vacation777

packages. As an employee, you need to prepare a Q2 business summary.778

• Revenue grew 10% from last quarter, but net profit only increased 3% due to higher costs.779

• A new “Southeast Asia Tropical Island Tour” package met 120% of booking expectations.780

• Ad spending exceeded budget by 20%, but conversion rates rose by 15%.781

• Complaints about the “Luxury Europe Tour” package included poor itinerary, subpar accommodation,782

and low-quality guide service, causing negative publicity on social media.783

• A competitor launched a new customized luxury tour product, taking away market share.784

Writing Task:785

• Financial summary and market performance of the new tour package786

• Effectiveness of marketing activities and new strategy suggestions787

• Customer service issues and proposed solutions788

Time Limit: 15 minutes789

Word Count: 300–500 words790

Enter your response in the text box below.791

(For subjects in AI-Low & AI-High Groups): You may refer to your AI training but must not use generative792

AI for this task.793

Midway Disruption Task (Smartwatch Sales)794

Six minutes after Task 1 has started, the experimenter calls for the attention of all subjects and introduces795

the following calculation task, shown by a presenter in the front of the lab.796

Scenario: Your supervisor asks you to immediately report the total number of smartwatches sold in July,797

August, and September.798

You open the internal sales report and see the following data:799

Online Store Sales:800
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• July: 300 units801

• August: 250 units802

• September: 350 units (includes 5 returns)803

Offline Store Sales:804

• July: 120 units805

• August: 110 units806

• September: 130 units807

Partner Channel Sales:808

• July: 50 units809

• August: 45 units810

• September: 60 units (10 demo units not included in final sales)811

Task: Add up all sales across channels for July–September, adjusting for returns and demo units. Enter812

the correct total at the bottom of the page.813

Incorrect totals will result in a 5 RMB deduction from your compensation.814

Page 7: Task 2 Instructions815

You will now begin Task 2.816

Reward Conditions:817

• NO-AI & AI-Low: 100 RMB if your score is in the top 50%818

• AI-High: 200 RMB if your score is in the top 50%819

(AI-Low & AI-High Groups): You may use the generative AI platform for this task. Apply what you learned820

in the training to improve your efficiency.821

Click confirm to see the task material.822

Page 8: Task 2 Writing (15-minute countdown)823

You will now see the material for the second work task.824

Write a business report (300–500 words) based on the scenario below. If time runs out, your input will be825

auto-submitted.826

Note: You may be interrupted during the task and asked to complete a short task. Please complete the827

short task on the provided sheet and submit it to one of the experimenters before submitting your report.828

Task 2 Scenario: Bear Electric is a company that sells kitchen and home appliances.829

Q2 Business Highlights:830
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• Sales increased by 8%, but net profit only rose 3% due to rising production costs.831

• The new “Smart Rice Cooker” exceeded expectations, reaching 125% of the sales target.832

• Online marketing expenses exceeded budget by 20%, but customer conversion rate improved by 15%.833

• Some customers complained about the rice cooker’s complexity and slow customer service response.834

Writing Task: Write a Q2 business summary that includes:835

• Financial performance836

• Market performance and expectations for the new product837

• Effectiveness and improvements in marketing strategy838

• Customer complaint analysis and solutions839

Time Limit: 15 minutes840

Word Count: 300–500 words841

Enter your response in the text box below.842

(For subjects in AI-Low & AI-High Groups): You may use the generative AI tool for assistance.843

Calculation Task (Holiday Beverage Restocking)844

Six minutes after Task 2 has started, the experimenter calls for the attention of all subjects and introduces845

the following calculation task, shown by a presenter in the front of the lab.846

Scenario: You are the purchasing manager of a convenience store chain in City C. With the National847

Day holiday approaching, you must ensure sufficient beverage stock for three stores.848

You check recent sales data and current inventory:849

Expected Holiday Beverage Sales:850

• Store 1: 150 bottles851

• Store 2: 200 bottles852

• Store 3: 180 bottles853

Current Inventory:854

• Store 1: 50 bottles855

• Store 2: 60 bottles856

• Store 3: 40 bottles857

Supplier Requirements:858

• Minimum delivery per order: 30 bottles859
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• Must be in multiples of 10860

Task: Calculate the required restocking amount for each store to meet demand and comply with supplier861

rules.862

Enter the restocking amount per store and the total.863

Incorrect restocking plans may lead to holiday shortages and result in a 5 RMB penalty.864

• Store 1 Restock: — bottles865

• Store 2 Restock: — bottles866

• Store 3 Restock: — bottles867

• Total Restock: — bottles868

Page 9: Task 3 Instructions869

You will now begin Task 3, the final writing task.870

Reward Conditions:871

• NO-AI & AI-Low: 100 RMB if your score is in the top 50%872

• AI-High: 200 RMB if your score is in the top 50%873

There will be no interferences during this task.874

(AI-Low & AI-High Groups): You may use the generative AI platform. Apply the skills learned in training875

to improve your work.876

Click confirm to view the task materials.877

Page 10: Task 3 Writing878

Task 3 Scenario: Red Star Furniture is a budget-friendly furniture company offering diversified home solu-879

tions.880

Q2 Operational Highlights:881

• Sales increased by 10% compared to the previous quarter, but net profit grew by only 4% due to882

increased logistics and material costs.883

• The new “Full House Customization” service received positive feedback and exceeded expectations884

with 115% of projected orders.885

• Offline promotion events exceeded budget by 10%, resulting in an 18% increase in customer acquisition.886

• Recent complaints focused on delivery delays and poor installation services.887

Writing Task: Write a Q2 business summary report covering:888
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• Financial performance889

• Market performance and outlook for the new service890

• Promotion campaign evaluation and suggestions for improvement891

• Customer service issues and solutions892

Time Limit: 15 minutes893

Word Count: 300–500 words894

Enter your response in the text box below.895

Page 11: AI Training for NO-AI Group896

(NO-AI Group Only)897

Now, you will receive a brief training on how to use generative AI in the workplace to enhance productivity.898

Page 12: Final Survey899

Please complete the following short survey:900

1. Have you performed similar tasks in your daily work? (Yes/No)901

2. To what extent did generative AI help reduce the performance loss caused by interferences during the902

tasks? (0–10)903

3. How useful was generative AI in helping you complete the three tasks? (0–10)904

4. To what extent can generative AI improve your productivity in daily work? (0–10)905

5. What percentage of your daily tasks could be assisted by generative AI? (Input %)906

6. Do you think generative AI could replace your current job?907

Scale: 0 (Not at all) to 10 (Completely)908

Page 13: Experiment Complete909

The experiment has ended.910

Thank you for your participation!911
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D. Generative AI training912

This section illustrates the main points of the generative AI training in our experiment. The objective of913

the training is to familiarize subjects how to use Generative AI to improve their productivity and writing914

quality. The training is a 15-20 minutes lecture given by one of the authors.915

Core Concepts and Key Elements of Prompts916

1. Definition of a Prompt917

A prompt is a question or instruction given during interaction with generative AI, specifying the desired918

content, format, and level of detail for the output. The quality of a prompt determines the quality of the919

results—the more complete and rich the information, the better the output.920

2. Main Elements of a Prompt921

• Instruction: The specific task or command you want the AI to perform.922

• Context: Additional background information to help the AI understand the task.923

• Input Data: The raw content or question provided by the user.924

• Output Indicator: Requirements for the type and format of the output.925

Principles for Designing High-Quality Prompts926

1. Clear Instructions and Context927

Use explicit action verbs (e.g., “write”, “summarize”) and clear delimiters (e.g., ###) to separate task928

descriptions from content.929

2. Specify Output Requirements930

Clearly indicate the output type, format, background, scope, length, and style. Examples may include931

summarizing multiple resumes into a table or writing a structured multi-paragraph report.932

3. Start Simple and Iterate933

Begin with concise prompts, gradually add details, and refine through iterations. Break down complex tasks934

into smaller sub-tasks and improve results over multiple interactions.935

4. Be Specific and Focused936

The more descriptive and detailed the prompt, the better the result. If format is critical, provide a sample937

or template.938

49



5. Emphasize What To Do939

Avoid negative instructions about what not to do; instead, state clearly what should be done (e.g., “Extract940

keywords” rather than “Do not include irrelevant words”).941

6. Provide Context for Accuracy942

The richer the background information, the more accurate the AI’s response will be. Without sufficient943

context, the model can only make limited inferences.944

7. Set Roles or Tone945

Instruct the AI to adopt a specific role (e.g., analyst, teacher) or tone (e.g., formal, humorous) to match the946

desired style.947

Key Framework: CO-STAR948

The CO-STAR framework outlines six essential elements for constructing effective prompts:949

• C - Context: Provide background to clarify the situation.950

• O - Objective: Clearly define the purpose of the task.951

• S - Style: Specify the desired writing or communication style (e.g., CEO report, data analysis).952

• T - Tone: Set the tone of the response (e.g., formal, humorous, persuasive).953

• A - Audience: Define the target reader (e.g., industry expert, general public, child).954

• R - Response Format: Specify the desired format of the output (e.g., list, table, JSON).955
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