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The Fast and Spurious: Developer Productivity with GenAI
Anonymous Author(s)

Abstract
Generative AI (GenAI) tools are increasingly being adopted
in software development as productivity aids, since there is
evidence that GenAI tools can improve individual aspects
of productivity. However, productivity is multidimensional;
accelerating one aspect of work may simply shift effort to an-
other. In this paper, we investigate how GenAI adoption affects
different dimensions of developer productivity. We surveyed
415 software practitioners to understand how they perceive
productivity changes associated with AI adoption, using the
SPACE framework (Satisfaction and well-being, Performance,
Activity, Communication and collaboration, and Efficiency
and flow). Our results reveal systematic redistribution of effort
across SPACE dimensions. While frequent GenAI users re-
ported faster task completion and higher output volume, these
gains were offset by increased code review burden, persistent
cognitive load from output verification, and unchanged col-
laboration patterns. We further provide an empirical mapping
between the challenges perceived by developers and potential
strategies to mitigate them. Overall, our findings suggest that,
at the current stage of GenAI adoption, perceived productiv-
ity gains may be spurious—surface-level acceleration, often
accompanied by redistributed effort and hidden costs.
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1 Introduction
Generative AI (GenAI) tools have experienced rapid growth,
with software development emerging as an early adopter [21,
44]. According to the 2025 Stack Overflow Developer Sur-
vey, nearly 84% of developers use or plan to use GenAI tools
[30]. This rapid adoption is driven by a widespread belief that
GenAI can boost developer productivity [43], yet there is lim-
ited evidence to understand if GenAI improves the overall
productivity, or merely creates a spurious sense of speed.

To ensure that any observed productivity gains are real
and sustainable, it is necessary to consider how GenAI inte-
grates with software engineering (SE) practices. Without clear
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process safeguards, GenAI may shift work effort without re-
ducing it—or worse, introduce new forms of technical debt
and developer burnout. For example, Moreschini et al. [20]
showed that GenAI can incur prompt engineering debt and ex-
plainability debt, leaving teams with code that may “work” but
lacks clarity, testability, or adaptability. Similarly, Feng et al.
[7] demonstrated that GenAI adoption can heighten burnout
by increasing job demands on developers. Thus, achieving
productivity gains with GenAI requires alignment with estab-
lished SE rigor and empirical investigation. In this context,
integrating GenAI into software development is not just a
tooling decision, but a socio-technical design challenge [9].

The evidence of GenAI’s impact on productivity is mixed.
While GenAI tools such as GitHub Copilot and ChatGPT have
been reported to automate routine tasks and improve effi-
ciency [25, 46], Tong [35] found that developers completed
tasks 19% slower when using AI, and Vaithilingam et al. [39]
observed higher task-failure rates and no significant improve-
ment in completion time. Such inconsistencies likely arise
because existing studies often scope their study to particular
development activities or narrow productivity metrics rather
than taking a comprehensive view.

However, productivity in software development is a multi-
dimensional socio-technical system [12]. It is not simply mea-
surable by the output volume. It includes long-term work
quality, psychological well-being, team collaboration, uninter-
rupted focus, and satisfaction with work [12, 28, 33]. When
organizations optimize one dimension, they may inadver-
tently create other constraints. Understanding these inter-
dependencies is critical for sustainable GenAI adoption.

To investigate this socio-technical interplay, we adopt the
multidimensional productivity framework SPACE [12] as our
analytical lens for investigating developer productivity across
five dimensions: Satisfaction and well-being, Performance, Ac-
tivity, Communication and collaboration, and Efficiency and
flow. We employ SPACE as a measurement taxonomy and
a structuring lens to understand how perceived productiv-
ity gains in one dimension may introduce new demands or
trade-offs in others. This systems-oriented perspective helps
characterize how developers’ effort and attention shift dur-
ing GenAI adoption, pinpoint where challenges emerge, and
inform strategies for designing more resilient software engi-
neering practices for AI-infused workflows. This motivates us
to answer the following research questions:

• RQ1. How does GenAI adoption affect developer produc-
tivity across multiple dimensions?

• RQ2. What productivity-related gaps, challenges, and
strategies do developers perceive in GenAI adoption?

To address these research questions, we conducted a large-
scale survey of 415 professional developers grounded in

1

https://doi.org/XXXXXXX.XXXXXXX
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/XXXXXXX.XXXXXXX


115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

FSE’26, June 5–9, 2026, Montreal, Canada Anon.

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

the SPACE framework. We analyzed the data using a mix of
quantitative and qualitative methods.

As a result, our study situates developers’ experience with
GenAI within the SPACE framework to provide emerging em-
pirical results that raise important discussion questions about
what it means to be “fast” in the context of broader software
development, and the potential for perceived "spurious" forms
of productivity in AI-mediated software development. “I think
in the current state, AI can give you a productivity boost by bring-
ing you 70% there in a few minutes. However, the last 30% will
likely take you close to what you would’ve done before because
you also have to thoroughly review AI code.” [P20].

Our contributions are twofold. First, combining quantita-
tive patterns with qualitative explanations, we characterize
how developers perceive GenAI’s productivity impact across
five dimensions. Overall, developers do not report substantial
productivity changes, although frequent GenAI users perceive
modest improvements in Efficiency and flow and Satisfaction
and well-being, with limited perceived gains in Performance,
Activity, or Communication and collaboration. Second, we de-
velop an empirical mapping between the productivity-related
challenges developers encounter and the strategies proposed
to address them, providing actionable guidance for practition-
ers integrating GenAI into their workflows.

2 Background and Related Work
As GenAI rapidly enters everyday software development, un-
derstanding existing productivity measurement frameworks
and prior GenAI studies has become a key focus in SE research.

2.1 Frameworks for Measuring Productivity
Developer productivity is a complex, multifaceted concept
that has been studied by both academics and practitioners [25].
Traditional metrics such as lines of code (LoC) [19], commit
counts [40], and task completion rates [45] capture only nar-
row aspects of work and can be misleading or easily gamed.
For example, the number of commits is often inflated by shal-
low or trivial changes [23], and LOC measures may reward
verbosity rather than efficiency. Speed and volume of activ-
ity alone do not present a complete picture of productivity.
Other forms of work—such as design, problem solving, and
knowledge sharing—are equally important [12], as are soft-
ware quality, impact, and delivery speed [32].

One such framework is the Developer Experience (DevEx)
framework [22], which highlights feedback loops, cognitive
load, and flow state as key drivers of developer effectiveness.
At the system level, the DORA (DevOps Research and As-
sessment) metrics [41] operationalize software delivery per-
formance through deployment frequency, change lead time,
mean time to recovery, and change failure rate. While these
frameworks broaden the perspective beyond code quantity,
they primarily address specific contexts of individual experi-
ence (DevEx) and delivery throughput (DORA).

Forsgren et al. [12] proposed the SPACE framework, amodel
that conceptualizes productivity as a combination of interper-
sonal and technical dimensions. The framework emphasizes

that productivity arises from the interplay among human, tech-
nical, and organizational factors. For instance, high activity
(e.g., frequent commits) does not necessarily indicate improved
performance unless accompanied by quality, sustained satis-
faction, collaboration, and flow. In this study, we adopt the
SPACE framework as an analytical lens to examine how GenAI
adoption influences developer productivity across its five di-
mensions: Satisfaction and well-being, Performance, Activity,
Communication and collaboration, and Efficiency and flow.

Satisfaction and well-being captures how fulfilled, motivated,
and supported developers feel in their work. Performance rep-
resents the quality and impact of outcomes (e.g., software
reliability, feature completeness, or user satisfaction). Activity
refers to the volume of work performed (e.g., commits and
code reviews). Communication and collaboration refers to how
developers communicate and work together. Efficiency and
flow describes how smoothly and continuously work proceeds
(e.g., ability to maintain focus and minimize interruptions).

Critically, the SPACE framework views productivity as a
system of interdependent dimensions rather than isolated met-
rics. High activity without corresponding performance gains
may indicate redistributed rather than reduced effort. Simi-
larly, efficiency gains that increase cognitive load trade one
constraint for another. This systems view positions SPACE as
both a measurement and planning framework for understand-
ing how interventions affect the full productivity landscape.

2.2 Empirical Evidence on Developer
Productivity with GenAI

As GenAI tools are increasingly integrated into software de-
velopment, recent studies have highlighted productivity gains
through faster task completion. For example, Dohmke et al.
[6] reported that developers using GitHub Copilot completed
programming tasks up to 55.8% faster. In a randomized con-
trolled trial with 96 full-time Google engineers, Paradis et al.
[24] found that AI assistance reduced time spent on a complex,
enterprise-grade coding task by approximately 21%. Addition-
ally, Rodriguez [29] found that GenAI accelerated task com-
pletion and streamlined code review processes by suggesting
actionable improvements and reducing reviewer effort.

However, recent literature suggests that GenAI’s produc-
tivity benefits may be overstated. AI-generated code can be
inconsistent or incorrect, often requiring developers to re-
prompt, validate, and debug the output, which then interrupts
their workflow and reduces overall efficiency [2, 18]. Kuhail
et al. [14] found that over-reliance on AI assistance may erode
developers’ coding proficiency and critical thinking, while
reducing peer interaction, such as asking fewer questions,
sharing fewer solutions, and engaging less in coordination
[13, 26, 34]. Moreover, the 2025 Stack Overflow Survey further
reported that only 29% of developers trusted AI accuracy and
66% spent more time debugging than expected [30].

These studies offer fragmented views of GenAI’s impact on
software development, focusing on programming tasks and
short-term efficiency gains while overlooking broader produc-
tivity gains. This paper presents a comprehensive analysis

2
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Table 1: Survey Items mapping

Survey Items
Satisfaction and well-being

S1 I feel my current workload is manageable
S2 I feel mentally and physically exhausted from work (𝑟 )∗
S3 I am becoming less interested in work (𝑟 )∗
S4 I feel secure in my job and confident about my future in this company

Performance
P1 The number of lines of code I change per day
P2 The proportion of my test cases that pass
P3 The number of new API methods I learn each day

Activity
A1 The number of commits I make
A2 The amount of time I devote to writing code
A3 The number of test cases I write
A4 The amount of time I spend browsing the web for work-related information (𝑟 )∗
A5 The number of work items (tasks, bugs) I close
A6 The number of code reviews I contribute to
A7 The amount of time I devote to reviewing code (𝑟 )∗

Communication and collaboration
C1 The number of meetings I attend (𝑟 )∗
C2 The amount of time I spend in meetings (𝑟 )∗
C3 The number of work-related emails I write
C4 The amount of time I spend responding to email(𝑟 )∗

Efficiency and flow
E1 The amount of time I spend on each work item (𝑟 )∗
E2 The amount of time I spend browsing the web for personal matters during work (𝑟 )∗

*(r) indicates the items reverse-coded for visualization.

of developer productivity in GenAI-mediated development,
grounded in the multi-dimensional SPACE framework.

3 Research Method
To capture developers’ multi-dimensional productivity percep-
tions with genAI, we used a survey-based approach grounded
in the SPACE framework [12].

3.1 Survey Design
We designed our survey instrument to comprise the five dimen-
sions of the SPACE framework for productivity measurement
[12]. Since at the time of the survey design there was no vali-
dated questionnaire for SPACE, we adapted the questionnaires
from Casic and Panselina [4], Meyer et al. [16], Trinkenreich
et al. [36], which measured developer satisfaction, activity, per-
formance, collaboration, and efficiency. The adaptations were
made to reflect the GenAI context. See the complete question-
naire in the supplementary material [1]. Respondents were
offered the option to enter a $50 raffle for every 50 responses.
The protocol was approved by the university’s IRB.
Survey Questions: We first asked questions about partic-
ipants’ demographics, including gender, professional back-
ground (role, years of experience, seniority level), and organi-
zation size. We also collected information about genAI-usage
experience (frequency of use, adapted from [27]) to assess
its perceived impact on productivity. The rest of the survey
focused on each of the dimensions in the SPACE framework:
Satisfaction and well-being measures developers’ perception
of fulfillment, motivation, and support about their work and
team [12]. Four statements assessed (1) workload manageabil-
ity, (2) physical and mental exhaustion, (3) engagement, and
(4) job security [4, 36].
Performance captures perceived outcomes of the develop-
ment process, such as velocity [12]. We used three items
adapted from Meyer et al. [16] to assess the impact of AI on:
(1) number of lines of code changed per day, (2) proportion of
test cases passed, and (3) number of API methods learned.

Activity presents the volume of work performed [12], mea-
sured through seven statements adapted fromMeyer et al. [16]:
(1) number of commits, (2) time spent writing code, (3) number
of test cases, (4) time spent doing work-related browsing, (5)
number of closed work items, (6) number of code reviews, and
(7) time spent reviewing code.
Communication and collaboration describes how developers
interact and coordinate [12]. We adapted four statements from
Meyer et al. [16]: (1) number of meetings attended, (2) time
spent in meetings, (3) number of work-related emails written,
and (4) time spent responding to emails.
Efficiency and flow captures making progress with minimal
interruptions [12]. We assessed this by using two adapted
statements from Meyer et al. [16]: (1) time spent per work
item and (2) time spent on personal browsing during work.

Finally, we added an open-ended question inviting partici-
pants to share reflections on how AI adoption has influenced
their work. The survey took approximately 5–8 minutes to
complete, and we held a raffle for a $50 gift card, which partic-
ipants could enter by sharing their email.
Sandbox and Pilot Survey.We sandboxed the survey with
five people with software engineering research experience,
iteratively refining it until no further concerns arose. We then
piloted with two professionals: one from a multinational or-
ganization and one from a U.S. national lab; both found the
survey clear, easy to follow, and relevant to assess productivity.
Participant Recruitment. Following ethical data collection
guidelines, we recruited participants from diverse technical
backgrounds, expertise, organization sizes, and domains. We
recruited participants from 56 OSS communities, including
organizational repositories (e.g., IBM, Oracle, Google), widely-
used infrastructure, AI projects, and data science communities
(e.g., PyTorch). We invited participants via email with study
details and consent information. Responses were anonymized
per GDPR and IRB approval. This two-week survey followed
established SE research practices [8, 10, 11].

We received 688 responses. After removing invalid entries,
we kept 415. Most participants worked in full-stack (36.9%),
backend (16.9%), or data/ML roles (15.4%). Amajority identified
as men (90.6%), over half worked at large or extra-large orga-
nizations (57.8%), and most (82.2%) had more than five years
of experience. More details in the supplementary material [1].
3.2 Data Analysis
RQ1.Productivity Impacts of GenAI Adoption. To answer
RQ1, we analyzed how productivity perceptions vary byGenAI
usage frequency. We categorized participants based on their
response to “how often do you use AI tools for your software
development work?” into non-frequent (Never, Rarely, Some-
times) and frequent users (Often, Always).

We analyzed the Likert-scale response distributions and
trends using stacked bar charts and violin plots. The analysis
focused on the five dimensions of the SPACE framework: Satis-
faction and well-being (S1–S4), Performance (P1–P3), Activity
(A1–A7), Communication and collaboration (C1–C4), and Ef-
ficiency and flow (E1–E2). To improve interpretability, we

3



343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

FSE’26, June 5–9, 2026, Montreal, Canada Anon.

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

reverse-coded selected items (e.g., S2 and S3). Table 1 presents
the mapping of the survey items. The complete set of charts
is available in the supplementary material [1].
RQ2. Perceived ProductivityGaps, Challenges, and Strate-
gies. To understand developers’ experiences with GenAI adop-
tion and to identify perceived gaps, challenges, and potential
strategies, we addressed RQ2 through a qualitative analysis of
responses (N = 206) to the open-ended question: “If you have
any final thoughts or experiences on how adopting AI tools has
impacted your work, please share them below.”

We used the five dimensions of SPACE as our codeset. Two
authors independently coded 20% of the responses, and com-
pared their outputs using the Jaccard index [15], achieving
90% agreement on inter-rater reliability. Given this level of
consensus [15], one of the researchers coded the remaining
responses. Based on this analysis, we developed a empirical
mapping that maps seven identified gaps/challenges and eight
potential strategies onto the SPACE dimensions.

4 Results
Section 4.1 presents the results for RQ1, examining how GenAI
adoption impacts different dimensions of developer produc-
tivity through the SPACE framework, highlighting where pro-
ductivity improves and where it remains unchanged. Section
4.2 reports the results for RQ2, identifying the remaining gaps
and challenges in using GenAI, and the potential strategies to
address those.

Our results show that GenAI adoption creates a constraint
redistribution problem. Section 4.1 documents how GenAI-
facilitated improvements in Activity and Efficiency dimensions
create demands in Satisfaction, Performance, and Communi-
cation dimensions. Section 4.2 identifies specific constrain
patterns and strategies that teams planning GenAI adoption
or GenAI tool developers can use to anticipate these tradeoffs.
4.1 Productivity Across SPACE Dimensions

(RQ1)
To answer RQ1, we begin by examining overall trends across
the SPACE framework’s dimensions, and then drill down into
item-level variations within each dimension.

Figure 1 displays the median values for non-frequent and
frequent AI user groups across the SPACE dimensions. Fre-
quent AI users have slightly higher median scores than non-
frequent users in all dimensions except Communication and
collaboration, where medians are the same. Nevertheless, all
values remain within the neutral (or “no-change”) range, as
indicated by the gray-shaded area. These results suggest that
GenAI adoption has not yet produced substantial positive or
negative shifts in productivity.

These overall patterns indicate that, at an aggregate level,
GenAI adoption has not yet led to pronounced positive or
negative shifts in developers’ perceived productivity. Instead,
the effects appear incremental and uneven, with small median
differences that may mask meaningful variation at the item
level. Accordingly, we next examine each SPACE dimension
in detail to unpack where GenAI adoption is associated with

concrete improvements, where effects are limited, and where
challenges persist across specific productivity aspects. Refer
to the supplementary item-level stacked bar charts (Figs. 1–5)
for each dimension of SPACE.

Satisfaction and well-being. Among frequent AI users,
positive ratings increased for workload manageability (𝑆1) and
perceptions of job security (𝑆4): 68.6% and 55.4%Agreed/Strongly
Agreed, respectively. A similar pattern was observed among
non-frequent AI users, 55.3% (𝑆1) and 52.9% (𝑆4) reported pos-
itive perceptions on these items.

Developers described these gains as GenAI easing repetitive
tasks in their work, “I no longer need to waste my time with
repetitive tasks. There is always a way to automate with AI.
[P369]”, “AI tools have had an overall positive impact on my
work satisfaction; fewer mundane tasks, more focus time. [P3]”

However, these improvements are partial; more than half
of respondents still reported feeling exhausted (𝑆2: 65.2% vs.
62.8%). Participants noted that efficiency gains can accompany
expectations to deliver more and faster, particularly in con-
texts that overestimate AI’s capabilities. As one participant
observed, “There’s also a growing expectation to deliver more
simply because these tools are available, and sometimes non-
technical stakeholders view AI as a ‘magic ball’ that can solve
everything.” Around half of the participants became less inter-
ested in work (𝑆3: 46% for frequent and 59.6% for non-frequent
users). “I move fast with AI and move mountains of work, but I
am losing my passion for the craft [P201]”.

Satisfaction and well-being (S)

• More developers report manageable workloads.
• Increased confidence in job security.
• Reduced disinterest in daily work.

• High levels of exhaustion persist despite AI adoption.

Performance. Non-frequent AI users predominantly re-
ported no change inwork quality or outcomes across performance-
related items (𝑃1: 66.7%, 𝑃2: 83.1%, 𝑃3: 66.7%). In contrast,
among frequent users, coding throughput (𝑃1) increased: 72.7%
(47.2%More + 25.5%Much more). However, these gains did not
extend uniformly to other performance items. For test case
pass rates (𝑃2) and learning velocity (API methods learned
per day, 𝑃3), most of the frequent AI users—67.4% and 58.6%
respectively—reported no change or a decline.

Qualitative responses help explain this divergence. While
AI-driven acceleration allows developers to deliver more lines
of code and generate broader test coverage, increased volume
often shifts effort to review and validation, limiting net perfor-
mance gains. “When I use code that’s been written with AI, I feel
slightly less control over my outcomes, even with through unit
tests [P138]”. Besides, the absence of oversight may constrain
genuine performance improvement, highlighting that speed
does not always equal progress. “By my estimate, LLM-based
tools have so far been more about speed than quality improve-
ment [P5].”

4
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Figure 1: Violin plots of aggregated SPACE scores. Left = non-frequent AI users (blue), right = frequent AI users (red).
Boxplots show median (line) and mean (dot). Gray band marks the neutral (“no-change”); blue marks positive and red
negative perceptions; example tick labels shown for Satisfaction &Well-being (4 items: 12 = all Neutral, 16 = all Agree).

Performance (P)

• Higher coding throughput with frequent GenAI use.
• Greater volume of code changes delivered per day.

• Test success rates show little to no improvement.
• Learning velocity remains largely unchanged.

Activity. In most activity-related items, frequent AI users
reported higher levels of activity than non-frequent users, ex-
cept code review (𝐴6 and 𝐴7). Frequent AI users were less
likely to report spending more time writing code (𝐴2) or
searching for work-related information (𝐴4), with 75.4% and
61.3% of them, respectively, reporting no increase. Moreover,
a larger share of frequent users reported producing more com-
mits (𝐴1): 48.3% vs 7.9%; more test cases (𝐴3): 56.5% vs 24.8%;
and completing more work items (𝐴5): 55.9% vs 9.1%, com-
pared to non-frequent users. “Agentic systems streamline small
coding tasks and free up time for design thinking. [P1]” and “I
spend less time on generating the code, and more time evaluating
its behavior and design [P104].”

However, these activity gains are accompanied by increased
review effort. The majority of frequent users (84.3%) reported
that GenAI did not reduce the time spent on code reviews (𝐴7),
and frequent users were more likely than non-frequent users
to report conducting more code reviews (𝐴6: 25.1% vs. 9.8%).
As one participant noted, “AI-generated code unfairly puts more
onus on code reviewers to understand how the code works and
find bugs or security issues.[P204]” Developers emphasized that
the acceleration often shifts effort toward validation and main-
tenance. “Reviewing LLM-generated content such as code and
docs wastes time — coworkers are (accidentally but carelessly)
sabotaging our work by ‘creating work’.The LLMs save these
coworkers time because they are faster at producing content, but
other coworkers have to spend disproportionately more time to
review and correct all that content [P127].” Despite this shift,
developers viewed the trade-off favorably sometimes, noting
that “adopting AI tools has greatly improved my workflow, es-
pecially by enabling the faster creation of tests and use cases.
While I do spend more time on projects now, it’s still far less than
it would take to create everything manually, and the overall
quality and coverage have improved significantly.[P338]”

Activity (A)

• Increased output of commits, test cases, and completed
work items.
• Reduced time on direct code writing.
• Reduced time searching for work-related information.

• Increased involvement in code review activities.
• No reduction in time spent reviewing code.

Communication and collaboration. Across all communi-
cation and collaboration items (𝐶1–𝐶4), most of the developers
reported no positive change, regardless of AI usage frequency.
Specifically, more than three-quarters of all users reported no
positive change (i.e., reporting No Change) for meeting fre-
quency (𝐶1: 93.1% vs 90.8%), time spent in meetings (𝐶2: 92.3%
vs 90.1%), work-related emails written (𝐶3: 93.6% vs 91.3%), and
time spent responding to emails (𝐶4:76.3% vs 82.3%). Among
frequent AI users, No Change responses dominate across all
four items, exceeding 70% in each case, indicating that GenAI
adoption has not substantially altered day-to-day communica-
tion practices.

However, participants noted GenAI reducing friction in per-
sonal communication tasks: “Superhuman’s AI model lets me
search my inbox and answer questions related to email with very
little time and effort. This saves at least an hour a week.[P287]”

Communication and Collaboration (C)

• Team communication and collaboration patterns re-
main largely unchanged with GenAI use.
• Meetings and email-related activities show little to no
reduction.

Efficiency and flow. Frequent AI users were less likely
than non-frequent users to report spending more time on each
work item (𝐸1: 35.8% vs 82.2%). Developers attributed this
gain to AI’s ability to accelerate a wide range of knowledge
and content creation tasks: “By leveraging AI across various
tasks such as writing, ideation, presentation creation, coding,
information gathering, and research, I have been able to achieve
significant results in a very short period of time. [P180]” and
“AI has improved my efficiency by helping me not spend time
checking syntax so I can focus on functionality [P321].”
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Table 2: The productivity challenges and potential strategies for the negative observations

SPACE Observations Challenges Potential Strategy

S High levels of exhaustion persist
despite AI adoption.

Ch1. AI-induced cognitive workload from verifying
outputs.
Ch2. AI shifts effort to reviewing others’ AI outputs
rather than reducing total workload.
Ch3. Organizational "AI = faster output" expectations
increase pressure and stress.

St1. Structured organizational training on using GenAI.
St2. Set team/management norms framing GenAI as
assistive rather than a driver of higher output
expectations.
St3. Surface uncertainty via confidence indicators and
explanation norms.

P Test success rates show little to no
improvement.
Learning velocity remains largely
unchanged.

Ch4. Verbosity of AI outputs.
Ch5. Reliance on AI for tasks before acquiring the
necessary foundational knowledge

St4. Integrate GenAI tools with project-specific context.
St5. Pair GenAI use with structured fundamental
learning resources.

A Increased involvement in code review
activities.
No reduction in time spent reviewing
code.

Ch2. AI shifts effort to reviewing others’ AI outputs
rather than reducing total workload.
Ch4. Verbosity of AI outputs.

St6. Use GenAI for first-pass review, not final approval.
St3. Surface uncertainty via confidence indicators and
explanation norms.
St7. Add quality gates for AI-heavy changes.

C Team communication and
collaboration patterns remain largely
unchanged with GenAI use.
Meetings and email-related activities
show little to no reduction.

Ch6. GenAI primarily supports individual tasks rather
than shared coordination work.
Ch7. Collaboration relies on human alignment rather
than automatable tasks.

St2. Set team/management norms that treat GenAI as
assistive.
St8. Define guidelines for GenAI use in shared
communication artifacts.

E Improvements in sustained focus and
flow are limited.

Ch1. AI-induced cognitive workload from verifying
outputs.

St1. Structured organization level training on using
GenAI.

Frequent AI users also reported spending less time than
non-frequent AI users on personal web browsing during work
(𝐸2: 19% vs. 7.1%). However, the fact that 76.3% of frequent AI
users reported non-positive responses regarding reductions in
interruptions indicates that GenAI use alone does not mitigate
context switching or external disruptions.

Efficiency and Flow (E)

• Reduced time on individual work items.
• Reduced time on non-work-related web browsing.

• Improvements in sustained focus and flow are limited.

4.2 Productivity Challenges and Potential
Strategies (RQ2)

To answer RQ2, we qualitatively analyzed open-ended re-
sponses using the SPACE dimensions to identify the gaps
and challenges underlying the observations reported in the
RQ1 results (highlighted in red in Section 4.1), as well as per-
ceived strategies to mitigate them. Table 2 shows an empirical
mapping of these challenges and the corresponding strategies.

Satisfaction and well-being. Persistent high levels of
exhaustion despite GenAI adoption emerged as the primary
negative observation in the RQ1 results. One contributing
factor is the cognitive load (Ch1) associated with repeated
prompting, verification, debugging, and error correction of
AI outputs. “I’m able to close our features faster, but for the
cost of significantly higher human brain compute load. [P207]”
This also includes review burden (Ch2) of others’ AI gener-
ated code. “...I was feeling resentment because I was sure I was
spending more time reviewing and re-reviewing her doc than she
had spent working on it.[P117]” Moreover, the perception that
GenAI accelerates output generation can raise organizational

expectations, resulting in increased pressure and stress on de-
velopers (Ch3). “AI tools so far have been similar to other types
of tools in practice... but with much more management hype /
misplaced expectations and general feelings of dread [P160]”.

Surfacing uncertainty through confidence indicators and
explanation norms (St3) can help developers calibrate trust
in GenAI outputs better, and reduce review burden. For ex-
ample, when submitting a pull request, developers could be
required to indicate which parts were AI-generated, their confi-
dence in the correctness of those changes, and any verification
steps taken. As one participant noted, “Junior developers don’t
know how to use it and they blindly apply it without thinking it
through before submitting. [P234]” Additionally, because orga-
nizational norms strongly shape howGenAI affects well-being,
teams and management should foster an environment that
treats GenAI as assistive rather than as a mechanism to push
for increased output (St2).“Having training and clear policy for
use has really helped our team to adopt the tools in a positive
manner.[P268]” Subsequently, organizational-level training
(St1) and clear usage policies can support more positive adop-
tion. “My company has made broad statements encouraging us
to use AI to help us be more productive, but has never offered
any training on how to do it.[P351]”

Performance. Due to the verbosity of AI-generated out-
puts (Ch4), particularly in test generation, test success rates
may show little to no improvement. “AI generates many test
cases, including verbose ones, which makes code-reviewing more
time-consuming [P23].” Accordingly, reliance on AI for tasks
before acquiring sufficient foundational knowledge (Ch5) con-
tributes to unchanged learning velocity. Developers were con-
cerned that relying on GenAI too early can bypass key learning
processes, especially for junior developers: “I fear that juniors
will take much longer to get to an experience level that is com-
parable to what devs with 10+ years of experience. [P192]”
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One potential strategy to mitigate challenges related to
test quality is to integrate GenAI tools with project-specific
context (St4), including providing access to design decisions,
architectural design, and broader project context, so that AI-
generated tests better reflect system intent rather than generic
assumptions based on small chunk of code. “We only use AI as if
it were a ‘genius graduate’ junior coder that does not understand
business needs and workflow. [P14]”

Developers highlighted the importance of pairing GenAI
usewith structured fundamental learning resources (St5) rather
than relying on AI as a substitute for fundamental skill de-
velopment in situations where the task demands knowledge
beyond their existing expertise. “What it concerns me is that
when I ask it to write code in languages I have a lot of exper-
tise in, it’s all bad and I hate it, so that makes me a lot less
confident in the code it generated for languages I know a lot
less well.[P57]” “I’d prefer my teammates embrace investing in
themselves and learning fundamentals instead of relying on AI
to produce sub-par code.[P415]”

Activity. With GenAI adoption, developers reported in-
creased involvement in code reviews without a corresponding
reduction in workload, reflecting a shift in effort rather than
a net savings. In particular, AI shifts effort toward reviewing
others’ AI-generated outputs (Ch2), as higher output volumes
increase supervision needs. “There’s an increase in the amount
of effort and time I’m reviewing work of other folks cranking
out more stuff with the help of AI tools.[P359]” This burden
is further compounded by the verbosity of AI outputs (Ch4),
which often results in low-quality content. “...Reviewing that
low-quality content and giving feedback on it consumes a lot of
time [P127].” “Sometimes you spend more time reviewing than
if you had written it yourself.[P207]”

Using AI as a first-pass reviewer rather than as a source
of final, review-ready content (St6) may help reduce review
burden.“Reviewing code written by AI is painful, when the au-
thor did not take care to clean it up. [P355]”. Additionally, as
discussed earlier, surfacing uncertainty via confidence indi-
cators and explanation norms (St3) could prevent additional
supervision work from being pushed downstream. “AI tools
have shifted me into a role where I spend more time perform-
ing detailed review of code [P104]”. Together, these observa-
tions highlight the importance of introducing quality gates
for AI-heavy changes (St7 ) to mitigate review overhead. “LLM
approach needs strict guidance and ideal examples to mimic. If
your code is sloppy or undocumented, your results will probably
be poor. It’s just a fuzzy mirror.[P87]”

Communication and collaboration. Our RQ1 findings
indicate that Communication and collaboration showed little
to no change with the adoption of GenAI. We do not frame
outcome of this as a challenge; instead, it highlights an ex-
planatory gap regarding where GenAI’s impact is limited. A
potential explanation is that GenAI tools currently emphasize
support for individual work activities, offering less direct sup-
port for shared coordination and collective practices (Ch6).
Developers’ experiences suggest that while GenAI can assist
with individual productivity, it does not substantially alter

how teams align or coordinate work. This aligns with prior
empirical findings showing that AI tools tend to optimize indi-
vidual task execution but have limited impact on collaborative
practices such as meetings and coordination routines [5].

Moreover, collaboration often depends on human alignment
(Ch7 ) including shared understanding, and social negotiation,
which are difficult to automate through GenAI alone [42].
“Creativity gets a collaborator, not a replacement. [P269]”

Therefore, developers and prior work pointed toward orga-
nizational strategies that clarify GenAI’s role in collaborative
settings. First, setting team- and management-level norms that
frame GenAI as assistive (St2) rather than as a replacement
may help prevent over-reliance on AI at the individual level
while preserving human-centered collaboration.

In addition, defining guidelines for GenAI use in shared
communication artifacts (St8) emerged as a relevant strategy,
aimed at making individual and ad-hoc GenAI use in com-
munication work more explicit and collectively aligned [38].
“Our organization does use it more regularly for non-code tasks
such as meeting notes/summaries, incident summaries, docu-
mentation, etc. [P75]” While prior studies suggest that GenAI
may reduce time spent in less relevant meetings and lower
effort devoted to non-critical email communication [17, 31],
our findings indicate that such collaboration-related practices
remained largely unchanged. One possible explanation is that
GenAI use in shared communication artifacts currently lacks
shared norms or guidance.

Efficiency and flow. Developers faced challenges related
to AI-induced cognitive workload from repeatedly verifying
and correcting outputs (Ch1), which may undermine their
ability to maintain concentration and result in limited im-
provements in sustained focus and flow. “I move fast with AI
and move mountains of work, but I am losing my passion for
the craft and the ability to quickly focus. [P201]”

To mitigate this challenge, developers emphasized the im-
portance of structured, organization-level training on how to
use GenAI effectively (St1). Such training (e.g., prompt engi-
neering) can help developers better scope problems, recognize
when verification is necessary, and avoid inefficient prompting
and rework. “If you have a very well-defined problem and some
strong test cases, AI can really get there. [P20]” “It massively
improved certain refactors and updates, but required adapting
approaches to tasks to ensure best usage of AI tools. [P57]”

5 Limitations
Limitations of Perceptual Productivity Assessment. This
study captures developers’ perceptions of GenAI’s impact
on their productivity using self-reported survey data, which
may not reflect objective productivity outcomes. However, we
grounded our survey design in well-established productivity
frameworks and prior validated measures used in related work
[4, 16, 36]. Future studies are needed to complement perceptual
findings with additional empirical analyses (e.g., repository
mining or longitudinal behavioral measures).
Limitations of Adoption Frequency as a Proxy. To address
RQ1, we compared developers with different frequencies of
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GenAI use to investigate how adoption relates to productivity
perception. While usage frequency provides a practical indi-
cator of GenAI engagement, it may not fully capture other
important dimensions of adoption, such as the types of tasks
supported, the depth of integration into workflows, or reliance
on specific GenAI features. To provide a more comprehensive
perspective, we designed our analysis across multiple SPACE
dimensions, and we complemented closed-ended items with
an open-ended question to contextualize participants’ experi-
ences. Future work should consider richer operationalizations
of GenAI adoption (e.g., task-level or longitudinal behavioral
measures) to further characterize its productivity impact.
Limitations of Sample Representativeness. We acknowl-
edge that no single sample can fully represent the global soft-
ware workforce. However, our dataset includes 415 software
practitioners from 56 organizations, which is comparable in
scale and diversity to prior empirical studies of software engi-
neers [11, 37]. Our participants span a broad range of company
sizes, roles, and experience levels, offering diverse perspectives
and providing a reasonable basis for understanding developers’
productivity perception in the context of GenAI adoption.

6 Concluding Remarks
GenAI tools are reshaping how developers engage with their
work. Prior studies have demonstrated that these tools can ac-
celerate task completion [25]. Yet our findings present a more
complicated picture, that GenAI adoption has not yet produced
the broad productivity gains that many organizations expect,
but rather has led to “spurious productivity,” a surface-level
acceleration that obscures stagnant or redistributed effort.

6.1 The Redistribution of Effort
The concept of spurious productivity becomes evident when
examining where developer effort shifts. Rather than eliminat-
ing work, developers described how AI tools redistributed it
from code generation to downstream activities:
Debugging of AI outputs. Developers described trading man-
ual coding time for cycles of prompting, verifying, and fixing
AI-generated code. “...any speed gained by code being produced
faster is quickly lost when having to heavily scrutinize the gen-
erated code, and I have no interest in outsourcing the code I write
to a AI tool only to become a professional code reviewer.[P161]”
Increased code review burden. Our data revealed that the
increased volume of AI-assisted output created a correspond-
ing increase in review workload. Frequent AI users were more
likely than non-frequent users to report conducting a greater
number of code reviews, and most (84.3%) reported that GenAI
did not reduce the time these reviews take. Participants ex-
plained that AI-generated code shifts cognitive burden to re-
viewers. “...I spend more time reviewing code anyway because a
couple teammates have adopted AI tools. I have to review their
code much more closely now because the output of these tools is
frankly not very good, and the people using them are not paying
close enough attention to the output.[P161]”
Cognitive load from constant output verification. Beyond
measurable review time, developers also described a less visible

cost— the mental effort required to continuously evaluate AI
suggestions. This cognitive load may explain why exhaustion
levels remained high despite reported efficiency gains in task
completion. “In general, I welcome AI adoption, but the state of
AI tools still produces very hit and miss outcomes and induces a
ton of frustration.[P66]”

6.2 Implications for Measuring Productivity
Our findings have important implications for evaluatingGenAI
adoption. While frequent AI users showed perceived increases
in activity metrics such as more commits, test cases, and work
items closed, performance metrics told a different story, with
little improvement in test pass rates or learning velocity. Or-
ganizations that focus solely on activity-level measures may
conclude that GenAI is effective, whereas those that assess
performance outcomes may reach very different conclusions.

The disconnect recalls Fredrick Brooks’ observation in the
engineering management classic, The Mythical Man-Month
[3], that there can be no single metric for programmer produc-
tivity, and that attempts to find one typically measure volume
rather than performance. Organizations should use a holistic
framework to evaluate productivity gains from AI.

6.3 SPACE as a Tool To Guide Practitioners
The key insight of this study is that effort saved in one SPACE
dimension often resurfaces in another. When AI generates
code faster (Activity), verification demands increase (Efficiency
and flow). When AI produces more output (Performance), the
greater review burden increases cognitive load (Satisfaction
and well-being). Practitioners and tool designers who focus on
accelerating a single dimension without addressing the others
will find that total effort remains roughly constant; it simply
moves to wherever constraints are weakest.

Our work suggests that SPACE could provide a planning
framework for this constraint problem. Consider a team adopt-
ing AI-assisted code generation. Rather than deploying the
tool and measuring commits, the team could work backward
through the SPACE dimensions to identify where effort will
likely shift, then address those areas proactively. For example,
before using AI to generate features, teams could use AI to
create comprehensive test suites and design documentation
to thoroughly constrain and validate the output. This invest-
ment in Performance artifacts might reduce the cognitive load
required to verify AI-generated code later.

In conclusion, developers report only modest productivity
gains from GenAI across SPACE, with most dimensions show-
ing little change and some improvements reflecting trade-offs
or spurious productivity.We also provide an empirical mapping
of developers’ perceived challenges and potential strategies,
offering actionable guidance for AI-infused workflows. Future
work will complement these insights with repository mining
and objective productivity signals to deepen the understanding
of sustainable productivity under GenAI adoption.
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