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Abstract

Context. Generative Artificial Intelligence (GenAl) tools are in-
creasingly embedded in software developers’ daily work, promising
productivity gains while also raising concerns about code quality,
cognitive dependency, and validation overhead. However, empirical
evidence is still needed to understand how these tools shape devel-
oper productivity beyond isolated measures of speed. Goal. This
study investigates how software developers experience the use of
GenAl tools in their daily work and how this use affects developer
productivity across the five dimensions of the SPACE framework:
Satisfaction and Well-being, Performance, Activity, Communication
and Collaboration, and Efficiency and Flow. Method. We conducted
a survey with 86 software developers, combining quantitative anal-
yses of Likert-scale and frequency-based responses with qualitative
content analysis of the open-ended responses. Results. Across the
SPACE dimensions, developers perceived GenAl as a productivity
accelerator. In particular, 83.7% reported increased satisfaction due
to the reduction of repetitive tasks, 77.9% perceived faster deliv-
ery of valuable features, and 69.8% indicated greater confidence
when tackling complex tasks. However, the findings also reveal
important trade-offs: 58.1% reported subtle bugs in Al-generated
code, 57.0% expressed concerns about technological dependency
and skill atrophy, and 86.0% rejected deploying Al-generated code
without thorough human review. Conclusion. GenAl improves
perceived developer productivity, but its benefits are conditional on
human oversight, responsible use, and organizational practices that
preserve technical rigor, collaboration, and developer well-being.
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1 Introduction

Generative artificial intelligence (GenAl) has attracted significant
attention in software engineering (SE) research and practice due
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to its potential to support a wide range of software development
activities, including requirements specification, design/architecture,
development and testing [1, 9, 26, 30, 37, 39]. In this context, tools
such as Claude [2], GitHub Copilot [18] and ChatGPT [33] have
been rapidly explored in various professional software develop-
ment environments [30]. Additionally, the SE community shows
a growing interest in exploring the potential of GenAl tools to
streamline processes and enhance productivity in software devel-
opment [4, 12, 22, 24, 30, 46].

Although prior research indicates promising benefits of GenAl,
such as improved productivity and faster software development [4,
8, 28, 47], Coutinho et al. [12] note that empirical evidence remains
scarce, while Qian and Wexler [36] argue that it is unclear whether
these systems strictly improve productivity. Furthermore, in the
study performed by Vaithilingam et al. [45] participants faced dif-
ficulties in understanding, editing, and debugging code snippets
generated by Copilot, suggesting that productivity gains may coex-
ist with relevant trade-offs, such as increased validation effort and
reduced understanding of Al-generated code.

Developer productivity is a broad and multifaceted concept
[7, 23, 25, 32, 41]. It encompasses many aspects and therefore can-
not be adequately captured by simplistic output-based measures
alone [23]. In this context, productivity extends beyond code pro-
duction, as developers engage in diverse activities such as providing
guidance and reviewing code, designing systems and features, and
managing software releases and configuration, in addition to collab-
orative and social tasks [23]. Then, developer productivity cannot
be summarized by a single metric [49].

Understanding software developer productivity remains chal-
lenging. Forsgren et al. [17] argue that productivity is a complex
and nuanced construct that cannot be reduced to a single dimen-
sion or metric. Hence, evaluating the impact of GenAlI requires
an analytical perspective capable of capturing both benefits and
trade-offs across different aspects of developers’ work. In addition,
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the SPACE framework has been increasingly adopted in empirical
SE research as a multidimensional lens for evaluating developer
productivity [11, 16, 31]. The SPACE framework conceptualizes de-
veloper productivity as a multidimensional construct composed of
complementary and potentially tensioned dimensions [17, 44, 50],
comprising five dimensions: Satisfaction and Well-being, which
captures how fulfilled and healthy developers feel in relation to
their work; Performance, which concerns the outcomes and qual-
ity of development work; Activity, which refers to the count of
performed actions and outputs; Communication and Collabora-
tion, which encompasses how individuals and teams coordinate
and share knowledge; and Efficiency and Flow, which represents
the ability to make progress with minimal interruptions and delays.
For these reasons, we adopted SPACE as our analytical lens. Un-
like DevEx, which primarily focuses on developer experience [31],
SPACE supports a broader, integrated analysis of key software
development dimensions.

In this study, we surveyed 86 practitioners who use GenAl tools
in software development activities to investigate how these tools
shape developers’ work and perceived productivity across SPACE’s
dimensions. Our study combines quantitative analyses of Likert-
scale and frequency-based responses with qualitative content anal-
ysis of the open-ended responses to capture both measurable per-
ceptions and nuanced developer experiences. Specifically, we ex-
amine the perceived benefits and concerns associated with GenAl
adoption, as well as how developers relate its use to satisfaction,
performance, activity patterns, collaboration, and efficiency.

Our findings indicate that GenAl acts as a potent individual accel-
erator across the dimensions of the SPACE framework. Specifically,
83.7% of developers reported greater satisfaction due to the reduc-
tion of repetitive tasks, 77.9% perceived faster delivery of valuable
features, and 69.8% indicated increased confidence when tackling
complex tasks or unfamiliar technologies. However, these benefits
coexist with relevant tensions, including frequent subtle bugs in
Al-generated code (58.1%), concerns regarding technological depen-
dency and skill atrophy (57.0%), and a strong rejection of deploying
Al-generated code without human review (86.0%). Overall, while
GenAl leads to noticeable improvements in perceived developer
productivity, these gains are conditioned upon human supervision,
continuous validation, and the responsible use of the technology.

The main contributions of this study are: a multidimensional
synthesis of GenAl impacts structured around the SPACE frame-
work; an empirical study of GenAl-assisted software development
using the SPACE framework in the Brazilian Software Industry; an
industrial evidence from 86 developers highlighting the trade-off be-
tween faster delivery and increased technical validation overhead,;
and a full replication package.

2 Research Method

With the goal of investigating how developers experience the use of
GenAl tools in their daily work and how this use affects developer
productivity, we defined the following research questions (RQs):

e RQ1: How do software developers experience the use of GenAl
tools in their daily work?

o RQ2: How does the use of GenAl tools affect developer produc-
tivity across the dimensions of the SPACE framework?
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2.1 Data Collection

To collect the data, we conducted a survey regarding developers’ us-
age of GenAlI tools in their daily software development activities. A
survey captures a representation of a situation in a specific context,
using a questionnaire to understand a target population [48]. Thus,
this method aligns with our goal of capturing the nuances of GenAl
usage by software developers and how it affects their productivity.
To design the questions structured under the dimensions of the
SPACE framework, we built upon the research findings of Coelho
et al. [11] and Ferino et al. [15]. Table 1 presents a summary of the
designed questions used in this study. The complete survey can be
accessed in our replication package [10].

As shown in Table 1, Q1-Q12 captured participants’ profiles
and experiences. Q13-Q14 addressed RQ1 by examining the per-
ceived benefits and drawbacks of GenAl. The remaining questions
addressed RQ2 across the SPACE dimensions: Satisfaction and Well-
being (Q15-Q16), Performance and Quality (Q19-Q20), Activity
(Q23-Q24), Communication and Collaboration (Q27-Q28), and Effi-
ciency (Q31-Q32). Q15,Q19, Q27, and Q31 used a 5-point agreement
scale, whereas Q23 measured the frequency of GenAlI use in devel-
opment tasks, such as information retrieval and code generation. It
is important to note that Q17, Q18, Q21, Q22, Q25, Q26, Q29, and
Q30 were not used in this research.

Next, we submitted the survey for evaluation by two experienced
researchers in the field of SE. As a result of this validation, we
made adjustments to the questionnaire. For example, question Q9,
initially designed as a single-choice question, was modified to allow
multiple choices. Following this step, we conducted a pilot study
with three software developers of different seniority levels to cover
a diverse range of perspectives. During the pilot, the participants
did not report any ambiguities or suggest additional changes to the
form. Furthermore, we observed the average time required to fully
complete the survey was approximately 15 minutes.

The questionnaire was available from February 12 to March 20,
2026. We adopted a non-probability convenience sampling tech-
nique [3]. The survey was distributed through posts on professional
social networks, shared within messaging app groups consisting of
software developers and SE researchers, as well as through internal
dissemination within partner companies and direct invitations.

At the end of the data collection period, we obtained a total
of 91 responses. To ensure data validity and alignment with the
research scope, we applied exclusion criteria based on Q1, Q7, and
Q12. As a result, five participants were discarded: two respondents
did not agree to the Informed Consent Form (Q1); two professionals
were excluded because they did not perform software development
activities (for instance, participant Dev_62, whose functions were
limited to “requirements gathering and documentation,” according
to Q7; and one professional (Dev_50) was excluded for reporting
no use of GenAl tools in software development (Q12). After this
filtering step, we considered a final sample of 86 valid responses.

2.2 Data Analysis
The collected data were tabulated and subjected to two complemen-

tary analysis fronts: quantitative and qualitative.

2.2.1 Quantitative Analysis. Data regarding the demographic pro-
file, work environment, and frequency of GenAl use (questions
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Table 1: Survey Questions used in this Study

ID Question Description (Q) Type
Informed Consent (TCLE)
Q1 After having received clarifications about the nature, objectives, and methods of the research, do you agree to participate in this study? Closed
Demographic Questions
Q2 What is your birth year? Closed
Q3 What is your education level? Closed
Q4 What is your undergraduate degree? Open
Q5 How many years of experience do you have as a software developer? Closed
Q6 Which level best describes your current professional position as a developer in terms of experience and autonomy? Closed
Q7 Briefly describe the main activities you currently perform as a software developer. Open
Q8 What is the total number of employees in the company you work for? Closed
Q9 What is the domain of the software project you are currently working on? Closed
Q10 How many people make up your direct team (squad, agile team, or working group) in the current project? Closed
Q11 Which development process model best describes the methodology used in your current project? Closed
Q12 What is your frequency of using GenAlI tools in your software development activities? Closed
RQ1: GenAI Experience in Daily Work
Q13  What are the main benefits you have perceived when using GenAl in your software development activities? Open
Q14  What are the main disadvantages you have perceived when using GenAlI in your software development activities? Open
RQ2: SPACE Framework Dimensions

Q15  Rate your agreement (from 1 to 5) with statements regarding the Satisfaction and Well-being dimension. Likert
Q16  If you wish, justify your score or include more points related to the Satisfaction and Well-being dimension. Open
Q19  Rate your agreement (from 1 to 5) with statements regarding the Performance and Quality dimension. Likert
Q20  If you wish, justify your score or include more points related to the Performance and Quality dimension. Open
Q23  Considering the activities below, what is the frequency of using GenAlI tools to execute them? Frequency
Q24  If you wish, justify your choices or include more points related to the Activity dimension. Open
Q27  Rate your agreement (from 1 to 5) with statements regarding the Communication and Collaboration dimension. Likert
Q28  If you wish, justify your score or include more points related to the Communication and Collaboration dimension. Open
Q31  Rate your agreement (from 1 to 5) with statements regarding the Efficiency dimension. Likert
Q32 If you wish, justify your score or include more points related to the Efficiency dimension. Open

Q2, Q3, Q5, Q6, Q8 to Q12) were summarized using descriptive
statistics to characterize the sample. For the SPACE-related ques-
tions, Likert-scale items (Q15, Q19, Q27, and Q31) were analyzed
through response frequency distributions and exploratory compos-
ite scores. The Activity dimension (Q23) was analyzed separately as
a frequency-based measure, since it captures how often developers
use GenAl across typical development activities. These summary
scores were used to support exploratory stratified comparisons.

2.2.2  Qualitative Analysis. To process the responses from the open-
ended questions, we employed content analysis [27], following an
open coding process inspired by Strauss et al. [42]. This process
was conducted in a purely inductive manner, ensuring that no pre-
defined codes were imposed on the data. Initially, the researchers
formed pairs and independently read the responses to the open-
ended questions (Q13, Q14, Q16, Q20, Q24, Q28, and Q32) to identify
codes relevant to answering the Research Questions. Calibration
meetings were held after analyzing the first 10 responses to main-
tain alignment and consistency in the coding process. These codes
were stored in a shared spreadsheet. Inter-rater agreement was
assessed using Cohen’s Kappa before the consensus meetings (k
= 0.811). Subsequently, the pairs held iterative meetings to com-
pare, consolidate, and refine the extracted codes, resolving any
divergences in interpretation through consensus. A third, more
experienced reviewer conducted a final analysis of the consolidated
codes, suggesting improvements in the codes. Additional consensus
meetings were held to consolidate the final result. After the coding
consolidation, one researcher grouped the generated codes into

higher-level thematic classifications based on the semantic similar-
ity of the developers’ reports. These classifications were reviewed
by two other researchers, who assessed the consistency and repre-
sentativeness of the categories. Any disagreements or refinements
were discussed until consensus was reached.

For each research question, we describe the codes that emerged
from our qualitative analysis, supported by representative quotes
from the participants. Participant anonymity was strictly main-
tained through the use of pseudonyms (e.g., Dev_01, Dev_02, and
so forth). Furthermore, confidential information was sanitized by
redacting sensitive data, such as company names occasionally men-
tioned by the developers in their responses. This approach ensures
adherence to ethical research practices while providing the neces-
sary context for the accurate interpretation of the presented quotes.

3 Results
3.1 Demographics

The survey included 86 software developers from the Brazilian
software industry. Most participants were born between 1981-1996
(52.3%) or 1997-2012 (41.9%), while 4.7% were born between 1965—
1980 and 1.2% between 1946-1964.

Regarding education, 30.2% had completed an undergraduate
degree and 23.3% were enrolled in one. Professional postgraduate
degrees had been completed by 17.4% and were being pursued by
4.7%. Additionally, 8.1% held a master’s degree and 9.3% were en-
rolled in a master’s program, while 2.3% held a Ph.D. and 3.5% were
pursuing one. Only 1.2% reported high school as their highest educa-
tion level. Most participants (86%) had undergraduate backgrounds
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in IT-related fields, while 14% came from other areas, including
electrical, mechanical, electronic, and agronomic engineering.

Half of the participants had more than six years of development
experience, 33.7% had two to six years, and 16.3% had less than
two years. Regarding seniority, 41.9% identified as senior, 34.9% as
mid-level, 17.4% as junior, and 5.8% as interns or trainees.

Al/Data Science and Retail/E-commerce were the most repre-
sented domains (24.7% each), followed by Finance/Banking (16.5%),
Government/Public Sector (14.1%), Education (10.6%), and Telecom,
Industrial Automation/IoT, and Healthcare (8.2% each). Participants
also represented several other domains.

Most participants worked in large companies (more than 500
employees; 66.3%), followed by medium-sized (100-499 employees;
12.2%), small (20-99 employees; 10.5%), and micro-enterprises (up
to 19 employees; 4.7%). Another 4.7% were freelancers, and 1.2%
were unemployed. Team sizes were predominantly 6-9 members
(45.3%) or 2—-5 members (27.9%), followed by 10-20 members (19.8%).
Only 5.8% worked alone, and 1.2% worked in teams larger than 20
members.

Finally, 58.1% used GenAl tools more than once a day, 27.9%
three to five times per week, 11.6% once or twice per week, and
2.3% less than once per week. Additional demographics concerning
development processes and project characteristics are available in
the replication package [10].

3.2 RQ1: Software Developers’ Experiences with
GenAlI Tools in Daily Work

To answer this RQ, we categorized participants’ reports into per-
ceived benefits and concerns associated with daily GenAl use.

3.2.1 Benefits of Using GenAl Tools. In total, we identified 207
mentions of benefits related to the use of GenAI tools. After the
coding and normalization process, we consolidated the results into
59 unique benefits. Next, we grouped the benefits by thematic affin-
ity into 7 distinct categories, as can be observed in Table 2. It shows
that Productivity and Technical Understanding & Learning
are the most prominent benefit, while specific operational tasks,
such as debugging and documentation, were reported less fre-
quently. Overall, the main trend indicates that developers perceive
GenAl primarily as a delivery accelerator and a cognitive assis-
tant for routine tasks, rather than a driver for high-level technical
decision-making.

Table 2: Categories of perceived benefits of using GenAl tools

Benefit Categories #SC (%) #BM (%) %BM/Dev
ist  Productivity 14(23.7%) 60 (29.0%) 69.8%
2nd  Technical Understanding & Learning 15 (25.4%) 36 (17.4%) 41.9%
3rd  Code Quality & Maintenance 9 (15.3%) 33 (15.9%) 38.4%
4th  Support for Development & Implementation 9 (15.3%) 30 (14.5%) 34.9%
5th  Debugging & Problem Solving 5(8.5%) 26 (12.6%) 30.2%
6th  Technical Communication & Documentation 3(5.1%) 15 (7.2%) 17.4%
7th  Support for Technical Decision Making 4(6.8%) 7 (3.4%) 8.1%

Total 59 (100.0%) 207 (100.0%)  240.7%

Caption
#5C (7): Count and percentage of unique Standard Codes per category (N=59).
#BM (%): Count and percentage of Benefit Mentions over all mentions (N=207).
%BM/Dev: Percentage of #BM in relation to the number of participants (N=86).

Productivity, in the context of this work, encompasses benefits
that focus on increasing agility and the speed of final delivery of
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activities, as exemplified by Dev_59: “It helps a lot to speed up the
development process and the structuring of deliveries, carrying
out a good part of the initial development necessary to add the
business rule or feature itself.” The Technical Understanding &
Learning category consolidates benefits that seek to use GenAl to
comprehend, clarify, and support learning, exemplified by Dev_54:
“GenAT has helped me mainly in refining my projects [...]. It also con-

tributes significantly to my learning, facilitating the understanding
of concepts, good practices, and helping to clarify doubts during de-

velopment.” Code Quality & Maintenance encompasses benefits
related to code quality and maintainability, for example: “In tedious
or repetitive activities, to suggest corrections and improvements in
code, code review.” (Dev_78)

The benefits of Support for Development & Implementation
incorporate coding support practices, as pointed out by Dev_30: “It
helps me when I have doubts, find better solutions, resolve bugs,
and develop software more effectively.”

Debugging & Problem Solving represents benefits that sup-
port the resolution of errors and bugs, as reported by Dev_14: “In
my perception, it has helped a lot in problem-solving and debug-
ging [...].” For Technical Communication & Documentation,
benefits related to communication support and artifact creation
are grouped: “[...] Furthermore, it creates well-structured docu-
mentation that would also take time to be made.” (Dev_82) Finally,
Support for Technical Decision Making involves benefits that
assist in decision-making, as explained by Dev_26: “[...] L also use it
to help me with decisions within my own code, especially regarding
software architecture.”

Finding #1. The primary perceived benefit of using GenAl is the
gain in Productivity (69.8%), highlighting its perceived value
as a delivery accelerator. Beyond speed, these tools appear to
serve as cognitive and structural support, with notable impacts
on Technical Understanding & Learning (41.9%) and Code
Quality & Maintenance (38.4%).

3.2.2  Concerns of Using GenAl Tools. In total, we identified 181
mentions of concerns related to the use of GenAl tools. We used the
same code consolidation and categorization procedure as reported
in Section 3.2.1. The results are reported in Table 3.

Table 3: Categories of concerns when using GenAlI tools

Concern Categories #SC (%) #CM (%) %CM/Dev
1st  Degradation of Technical & Response Quality 17 (21.8%) 43 (23.8%) 50.0%
2nd Limitations & Inadequate Behaviors of GenAl 13 (16.7%) 38 (21.0%) 44.2%
3rd  Negative Cognitive Impacts 15 (19.2%) 33 (18.2%) 38.4%
4th  Dependency, Distrust, & Dysfunctional Use 8(10.3%) 23 (12.7%) 26.7%
5th  Overhead of Review, Validation, & Rework 9 (11.5%) 22 (12.2%) 25.6%
6th  Organizational, Procedural, & Governance Impacts 11 (14.1%) 17 (9.4%) 19.8%
7th  Behavioral & Emotional Impacts 5 (6.4%) 5 (2.8%) 5.8%

Total 78(100.0%) 181(100.0%)  210.5%

Caption:
#5C (%): Count and percentage of unique Standard Codes per category (N=78).
#CM (%): Count and percentage of Concern Mentions over all mentions (N=181).
%CM/Dev: Percentage of CM in relation to the number of participants (N=36).

Table 3 reveals that developers’ primary concerns center on the
Degradation of Technical Quality and the inherent Limitations
of GenAlI In addition, human-centric apprehensions, such as Neg-
ative Cognitive Impacts, Dependency, and Validation Over-
head, were widely reported. This trend suggests that while GenAl
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accelerates output, it introduces new sociotechnical challenges,
shifting the developer’s effort from writing code to rigorously vali-
dating it, while raising alarms about long-term skill atrophy.

The Degradation of Technical & Response Quality category
concerns the quality of code and activities generated by GenAl tools,
as exemplified by Dev_42: “Al-generated code still contains errors
and often the models make decisions that can harm the project,
so constant review is still necessary.” Meanwhile, Limitations &
Inadequate Behaviors of GenAl groups concerning behaviors of
the tools, such as hallucinations or improper code modifications,
exemplified by Dev_13: “It hallucinates a lot or the code is of low
quality. Most of the time it is better for me to develop the code
myself.” The Negative Cognitive Impacts category encompasses
concerns about the loss of critical thinking, as noted by Dev_44:
“When we ask for solutions to problems we asked the GenAl itself to
find, we become dependent on it and stop thinking for ourselves.”

Dependency, Distrust, & Dysfunctional Use reflects the fear
of excessive reliance on GenAl, as explicitly stated by Dev_56: “I
feel very dependent on Al now that I use it a lot.” For Overhead of
Review, Validation, & Rework, concerns related to the additional
effort required for code review and validation are gathered, for
instance: “need for validation/verification of the answers.” (Dev_07)
Organizational, Procedural, & Governance Impacts involves
systemic issues related to the project and the organization itself,
such as security risks, pointed out by Dev_82: “[...] Another disad-
vantage is the security risks, especially regarding the use of data by
Als, when there is no clarity on compliance.” Finally, Behavioral &
Emotional Impacts encompasses concerns regarding the human
aspect and developer well-being, as reported by Dev_65: “exponen-
tial increase in anxiety for results [...] (anxiety both personally and
from management).”

Finding #2. The primary concern regarding GenAl usage is
the Degradation of Technical & Response Quality (50.0%),
coupled with the inherent limitations of the tools (44.2%). This
scenario not only demands constant review efforts but also
brings attention to Negative Cognitive Impacts (38.4%), with
developers expressing concerns over a potential loss of critical
thinking.

3.3 RQ2: GenAl Tool Effects on Developer
Productivity Across the SPACE Dimensions

For this RQ, we structured our findings based on the dimensions
of the SPACE framework: Satisfaction & Well-being, Performance &
Quality, Activity, Communication & Collaboration, and Efficiency.

3.3.1 Satisfaction & Well-Being. To evaluate this dimension, we
presented nine statements to the developers using a five-point
Likert scale (where 1 indicates strongly disagree and 5 indicates
strongly agree). The statements, as well as the data consolidated by
response frequency (N = 86), are detailed in Table 4.

Regarding satisfaction from reduced repetitive tasks (Q15.1),
83.7% agreed or strongly agreed, 10.5% were neutral, and 5.8% dis-
agreed. For increased anxiety during activities (Q15.2), 57.0%
disagreed, 23.3% were neutral, and 19.8% agreed. Concerning fear
of dependency and loss of fundamental skills (Q15.3), 57.0%
agreed or strongly agreed, 27.9% disagreed, and 15.1% were neutral.
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Table 4: Distribution of responses for the Satisfaction and
Well-being dimension.

Disagreement Agreement
Q15.1 1 24.4%
Q15.2 25.6% 233% 1472 H
Q153 W 17.4% 15.1% 32.6% ERIXER
Q15.4 25.6% 18.6% 15.17 N
Q15.5 24.4% 23.3%
Q15.6 17.4% 19.8% 16.3%
Q15.7 . 15.1% 32.6% EEERYNIEEE
Q15.8 19.8% 31.4% L
Q159 WERTAN12.8% 27.9% 26.77 W

Frequency (%)
100% 50% 0% 50% 100%
Response: m SD (1) D (2) N@G3) A@4) = SA(5)

Response scale: SD = Strongly disagree; D = Disagree; N = Neutral; A = Agree; SA = Strongly agree. Items. Q15.1:
The use of GenAl makes my daily work more satisfying by reducing repetitive tasks. Q15.2: I feel that the use of
GenAl has increased my anxiety when performing my activities. Q15.3: I feel that the use of GenAl has increased
my fear of becoming dependent on the tool (e.g., losing fundamental skills). Q15.4: I feel pressure from my direct
management to use GenAl to increase delivery speed. Q15.5: I feel pressure from the company I work for to use
GenAl to increase delivery speed. Q15.6: I feel pressure from the client to use GenAl to increase delivery speed.
Q15.7: The use of GenAl tools has increased my confidence to take on tasks or technologies that I previously
considered too complex. Q15.8: The availability of GenAl tools in my work environment is an important factor in
my staying with the company. Q15.9: The availability of GenAl tools in my work environment is an important
factor in my satisfaction with my role.

Developers generally did not feel strong external pressure to
use GenAl Most reported little pressure from direct managers
(Q15.4, 54.7% disagreed), companies (Q15.5, 47.7% disagreed), or
clients (Q15.6, 48.8% disagreed), although a noticeable minority per-
ceived some pressure (26.7%, 29.1%, and 31.4%, respectively), and
a portion remained neutral (18.6%, 23.3%, and 19.8%). In contrast,
GenAl positively influences developers’ confidence, with many
reporting increased confidence in handling complex tasks or tech-
nologies (Q15.7, 69.8% agreed), while smaller groups were neutral
or disagreed (15.1% each). However, its impact on retention and
job satisfaction is less clear. Most developers do not see GenAl as a
factor for staying in a company (Q15.8, 45.4% disagreed, 31.4% neu-
tral, 23.2% agreed), and perceptions of role satisfaction are divided
(Q15.9, 36.0% agreed, 36.0% disagreed, 27.9% neutral).

We requested a justification or additional comments from the
developers regarding the Likert scale statements (Q16). In total, 22
points were raised by the participants, which were grouped into
21 unique additional comments. Next, we grouped the comments
into seven distinct categories. The most prominent categories were
Productivity & Efficiency Perception, States of Well-being &
Psychological Safety, and Cognitive Impacts on Well-being.
The first highlights improvements in productivity and value deliv-
ery, as illustrated by Dev_54: “[...] Having support to review ideas
and validate technical decisions reduces insecurities and makes the
development process smoother and more productive” The second
reflects positive aspects of the work environment and psycholog-
ical safety, for example: “My satisfaction is directly linked to the
project itself. Organization, reasonable schedules, challenge and,
obviously, flexibility regarding the work regime (remote).” (Dev_39).
The third captures concerns about cognitive impacts, particularly
dependency on GenAl, as noted by Dev_11: “I think Al is a positive
point, but I don’t think it’s cool to depend 100% on it for everything
[...] we get used to running to the Al and asking it to solve it. I don’t
think this is entirely positive.”
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Table 5: Distribution of responses for the Performance &
Quality dimension.

Disagreement Agreement
Q19.1 W12.8% 26.7% 33.7%
Q19.2 W 17.4% 38.4% 25.6%
Q19.3 X A 18.67, 1
Q19.4 | 29.1% 26.7%
Q195 W 17.4% 27.9% 32.6%
Q19.6 17.4% 29.1% 32.6% 17.4% A
Q19.7 —12.8% 34.9% 31472 A
Q19.8 W 17.4% 31.47% T
Frequency (%)
100% 50% 0% 50% 100%
Response: = SD (1) D) N(3) A(4) = SA(5)

Response scale: SD = Strongly disagree; D = Disagree; N = Neutral; A = Agree; SA = Strongly agree. Items. Q19.1:
GenAl-generated code frequently contains subtle bugs that require my manual correction. Q19.2: GenAl-generated
code frequently contains security flaws that may compromise the correct functioning of the system. Q19.3: I feel
confident deploying GenAl-generated code to production environments without the need for thorough human
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and many remaining neutral. In contrast, there is strong agreement
that GenAlI helps deliver value faster to customers (Q19.8, 77.9%
agreed), highlighting its perceived impact on development speed
despite quality-related concerns.

The justifications and additional points resulted in 20 unique
comments that were grouped into six distinct categories. Code &
Project Quality highlights perceived improvements in code quality
with GenAl, particularly in patterns and readability, as noted by
Dev_38: “[...] quality is often associated with patterns and readabil-
ity, attributes that code GenAls are very good at.” Closely related,
Productivity & Performance Gains emphasizes improvements
in development speed and overall outcomes, with Dev_54 stating:
“GenAl contributed to the decrease in development time and the
increase in project quality. It assists in structure organization, code
review, and identifying improvements, which reduces rework and
enhances the clarity of the implemented solutions.” At the same

review. Q19.4: The use of GenAl has improved the structural quality of my code (e.g., cleaner, better d
or standards-compliant code). Q19.5: GenAl-generated code frequently contains unnecessary complexity, dead
code, or duplicated code that requires my manual cleanup. Q19.6: I feel that constant use of GenAI has reduced my
critical ability to detect logic or security errors without the tool’s assistance. Q19.7: The use of GenAI has helped
reduce the number of defects (bugs) that reach the testing or review phase. Q19.8: The use of GenAl allows me to
deliver valuable features to the end customer faster (time-to-market).

The remaining categories provide complementary perspectives
on developers’ experiences. Organizational Context and Work-
ing Conditions reflects the influence of organizational practices
and working conditions on developers’ well-being. Delivery Pres-
sure and Dynamics captures concerns related to delivery pres-
sure and productivity-oriented work practices. Support for Devel-
opment and AI Use highlights the role of GenAl in supporting
software development activities and resolving technical questions.
Finally, Cognitive Effort and Validation Overhead emphasizes
the effort required to validate Al-assisted technical decisions.

Finding #3. GenAl is reported as a strong driver for opera-
tional satisfaction (83.7%) and technical confidence (69.8%) by
reducing repetitive tasks and supporting complex activities.
However, this positive effect is moderated by dependency con-
cerns (57.0%), delivery pressure, organizational context, and the
need for continuous technical validation of outputs.

3.3.2  Performance & Quality. We also adopted the same procedure
as in the previous dimension. The results are detailed in Table 5.

Developers report mixed effects of GenAl on code quality and
reliability. Many perceive that GenAlI can introduce subtle bugs
(Q19.1, 58.1% agreed), and a considerable portion also notes poten-
tial security issues in generated code (Q19.2, 39.6% agreed, with
many neutral at 38.4%). At the same time, there is a strong consen-
sus against trusting Al-generated code without human oversight
(Q19.3, 86.0% disagreed). Despite these concerns, nearly half of the
participants perceive improvements in structural code quality after
adopting GenAlI (Q19.4, 48.8% agreed), although a relevant share
remains neutral or disagrees.

Additional perceptions reinforce this balance between benefits
and drawbacks. Many developers observe unnecessary technical
elements in generated code, such as accidental complexity or dead
code (Q19.5, 51.2% agreed). However, most do not believe that
frequent GenAlI use significantly reduces their ability to detect
errors (Q19.6, 46.5% disagreed). Regarding defect rates, opinions
are divided, with some reporting reductions (Q19.7, 40.7% agreed)

time, Changes in the Way of Working reflects adjustments in
development practices, especially the need for careful validation
of Al-generated code, as illustrated by Dev_04: “regarding perfor-
mance, Al definitely helped to improve it. regarding quality, it is
necessary for the developer to analyze EVERYTHING that is sug-
gested. because the paths to be followed depend on the person who
is there doing it.”

The remaining categories provide a complementary perspec-
tive. AI Limitations & Negative Project Impacts highlights
constraints and risks associated with GenAlI use, while Support
for Learning & Development points to its role in facilitating
the acquisition of new knowledge. Finally, General Perception
of AI Use reflects an overall positive view of GenAlI tools in the
development process.

Finding #4. GenAl is widely seen as accelerating delivery
(77.9%) and improving code quality (48.8%), especially read-
ability and design patterns. However, these benefits require
careful review, as Al-generated outputs may introduce subtle
bugs (58.1%) and accidental complexity (51.2%), making human
validation essential before deployment (86.0%).

3.3.3 Activity. To evaluate this dimension, we asked developers to
indicate the frequency of GenAl tool usage across nine typical ac-
tivities, using a five-point scale (from “Never” to “Very Frequently”).
Table 6 details these activities, arranged according to the response
frequency of the 86 participating professionals (N = 86).

Table 6 shows that developers commonly use GenAl across sev-
eral activities, especially those directly related to coding. Frequent
use is particularly high for code explanation (Q23.4, 70.9%), writing
technical documentation (Q23.7, 71.0%), and code generation (Q23.2,
68.6%), indicating that GenAl is widely integrated into tasks that
involve producing or understanding code. Similarly, many devel-
opers rely on GenAl for testing (Q23.5, 62.8%), code review (Q23.8,
60.4%), debugging (Q23.3, 58.1%), and refactoring (Q23.6, 53.5%),
suggesting consistent support across core development activities.

Usage is moderate for information retrieval (Q23.1), where about
half of the participants report frequent use (51.2%), while a consid-
erable portion uses it only occasionally or rarely (37.2%) or not at
all (11.6%). In contrast, management-related activities (Q23.9) show
the lowest engagement, with fewer developers reporting frequent
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Table 6: Distribution of responses for the Activity dimension.

Q23.1 25.6%

Q232 24.4% 37.2% 31.4%

Q233 23.3% L 209% ___ _________372% |

Q23.4 20.9% T 7 ¥ A

Q235 15.1% 16:3% " YA .Y XA

Q23.6 14% 23.3%

Q237 2012 41.9%

Q23.8 20.9% 8027 3007 ]

Q23.9 22.1% 20.9% 25.6% [ 186% 1287 |
0% 25% Freg useo':zzy o 75% 100%

Response: N(@1) R(2) 003) - F(4) - VE(5)

Response scale: N = Never; R = Rarely; O = Occasionally; F = Frequently; VF = Very frequently. Items. Q23.1:
Information retrieval (searching docs/libraries). Q23.2: Code generation (boilerplate/functions). Q23.3: Debugging
(fixing errors). Q23.4: Code explanation (understanding legacy code). Q23.5: Testing (unit tests, test data). Q23.6:
Refactoring. Q23.7: Writing technical documentation. Q23.8: Code review. Q23.9: Management (estimation,
prioritization, general documentation).

use (31.4%) and most relying on GenAl only occasionally or rarely
(46.5%) or not using it (22.1%). Overall, these results indicate that
GenAl is primarily used to support technical and coding-related
tasks, while its adoption in managerial activities remains limited.

We requested justifications or additional activities for the Activ-
ity dimension (Q24) from the developers. In total, four points were
individually raised (1.2% each): Log analysis, Documentation
improvement, Organization and expression of ideas, and Use
across all software development stages. As an example of the
latter category, Dev_60 stated: “My work [is] 100% with the use of
Al in all stages we use activity specifications.”

Finding #5. GenAl usage is widespread throughout the develop-
ment lifecycle, but its maximum intensity occurs in knowledge-
support tasks (documentation and explanation) and code gen-
eration (boilerplate). Management activities remain the least
adopted context, with low usage (31.4%), suggesting that the
tool serves predominantly as an operational technical assistant.

3.3.4 Communication & Collaboration. Table 7 shows that devel-
opers report mixed effects of GenAl on collaboration and teamwork.
Many feel that GenAlI can reduce the need to seek help from ex-
perienced colleagues (Q27.1, 46.6% agreed), although a substantial
portion still disagrees (36.0%) or remains neutral (17.4%). Percep-
tions are less clear regarding the quality of Al-assisted pull requests,
with developers uncertain about logical errors (Q27.2, 40.7% neutral,
33.7% agreed). Sharing prompts or strategies with teammates is not
yet common practice (Q27.3, 53.5% disagreed), suggesting limited
knowledge exchange around GenAI usage.

On the other hand, developers generally hold positive views
about the broader collaborative benefits of GenAI Most recommend
these tools to others (Q27.4, 65.1% agreed) and find them helpful
for understanding legacy code (Q27.5, 69.8% agreed) and improv-
ing team documentation (Q27.6, 59.3% agreed). About half report
using GenAl to support code reviews (Q27.7, 50.0% agreed). The
strongest agreement appears in onboarding and learning, where
many developers feel that GenAl accelerates their ability to become
independent in new projects (Q27.8, 74.4% agreed).

The justifications and additional points resulted in 11 unique
comments that were grouped into four distinct categories. The
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Table 7: Distribution of responses for the Communication &
Collaboration dimension.

Disagreement Agreement
Q27.1 20.9%  17.4%  23.3%
Q27.2 . 147 40.7% 25.6%
Q27.3 T 15.1% 17.4% 15.1% U7
Q27.4 | 16.3%  24.4%
Q275 Bl 16.3% 31.4%
Q27.6 | 22.1%  24.4%
Q27.7 14%° 20.9% = 24.4% WA
Q27.8 W 16.3% 22.1% VK7
Frequency (%)
100% 50% 0% 50% 100%
Response: = SD (1) D@ N@3) A@d) = SA()

Response scale: SD = Strongly disagree; D = Disagree; N = Neutral; A = Agree; SA = Strongly agree. Items. Q27.1:
The use of GenAl has replaced my need to seek help from more experienced colleagues or mentors when I have
questions. Q27.2: I notice that the team’s pull requests (PRs), when generated by GenAl, look correct at first glance
but often contain subtle logical errors. Q27.3: I often share effective prompts or GenAl usage strategies with
members of my team. Q27.4: I recommend the use of GenAl tools to other developers. Q27.5: The use of GenAl has
helped me understand legacy codebases, reducing the need for detailed explanations from colleagues. Q27.6: The
quality of the team’s technical di ion has imp: d with the use of Al assistants (e.g., clearer pull request
descriptions or useful comments). Q27.7: I regularly use GenAl tools to assist me in reviewing colleagues’ code (e.g.,
summarizing changes or suggesting improvements). Q27.8: The use of GenAl tools accelerates my learning curve in
new projects (onboarding), allowing me to contribute independently more quickly than usual.

Documentation & Communication category concerns points of
improvement in communication and documentation, as exemplified
by Dev_54: “The use of GenAl significantly helps in the way ideas
are transmitted, especially when there is difficulty in transforming
mentally structured thoughts into clear and objective texts.” Re-
garding the Collaboration & AI Use category, the reports reflect
points about support in actions related to GenAl, as exemplified by
Dev_33: “I would never replace the advice of a mentor or a more ex-
perienced colleague with GenAI I see it as complementary support
and value debate and the exchange of ideas.” In the Support for
Learning & Idea Organization grouping, as the name implies,
aspects regarding support and organization are highlighted. Finally,
the Prompt Engineering category indicates the importance of
crafting a good prompt.

Finding #6. GenAl appears to support technical autonomy and
onboarding acceleration (74.4%), lowering barriers to under-
standing legacy code (69.8%) and reducing direct dependence
on experienced mentors (46.6%). However, as qualitative reports
indicate that developers still value human mentor debate over
Al suggestions, this individual efficiency has not yet translated
into a collaborative culture of tool usage, evidenced by the low
sharing of strategies and prompts among team members (53.5%).

3.3.5 Efficiency. The results are presented in Table 8. Developers
generally perceive GenAl as supportive of focus and efficiency,
though with some variation across tasks. About half report that
GenAl helps them stay focused (Q31.1, 50.0% agreed), while others
are divided or neutral. Most do not feel that prompt writing takes
more time than coding itself (Q31.2, 40.7% disagreed), although
some uncertainty remains. The strongest consensus appears in
reducing time spent searching for technical information (Q31.3,
90.7% agreed), indicating a clear efficiency gain.

GenAl also appears to help developers overcome common work-
flow challenges. Many report that it assists in dealing with initial
blocks or the “blank page” problem (Q31.4, 73.2% agreed) and helps
reduce waiting time for assistance (Q31.7, 68.6% agreed). It also
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Table 8: Distribution of responses for the Efficiency dimen-
sion.

Disagreement Agreement

Q31.1 24.4% 27.9%
Q31.2 32.6%  16.3% WM
Q313 | 31.4% IR
Q314 W 16.3%  24.4%
Q315 24.4%  18.6%
Q31.6 W 233% 0 17.4%  337%  WVED
Q31.7 | 15.1% 34.9% 3377 |
Q318 M 17.4% 33.7%
Q319 16.3%  30.2% 18.67 W
Frequency (%)
100% 50% 0% 50% 100%
Response: = SD (1) D(2) N(3) A(4) m SA(5)

Response scale: SD = Strongly disagree; D = Disagree; N = Neutral; A = Agree; SA = Strongly agree. Items. Q31.1:
The use of GenAl tools helps me maintain continuous focus while programming. Q31.2: I often feel that I spend
more time adjusting prompts (prompt engineering) to obtain the desired result than I would spend writing the code
manually. Q31.3: GenAl has significantly reduced the time I spend searching for technical information compared
with traditional search tools (e.g., Google/Stack Overflow). Q31.4: GenAl helps me overcome the “blank page” /
initial block when starting a new task, allowing me to enter the workflow faster. Q31.5: The use of GenAlI helps me
regain work context more quickly after being interrupted (e.g., by summarizing where I stopped). Q31.6: I feel that
the use of GenAl has reduced the cognitive effort (mental load) required to perform complex tasks, allowing me to
stay focused for longer. Q31.7: The use of GenAl has reduced how often I get blocked on technical tasks, decreasing
the waiting time I would otherwise spend awaiting help from others. Q31.8: The use of GenAl allows me to perform
tasks outside my primary specialty (e.g., DevOps, Frontend, Testing), reducing my dependence on other teams or
colleagues. Q31.9: The use of GenAl frequently breaks my workflow because it requires constant validation.

supports working outside one’s primary area of expertise (Q31.8,
74.4% agreed). However, its impact on regaining context after inter-
ruptions is more mixed (Q31.5, 47.7% agreed), and perceptions of
cognitive effort are divided (Q31.6, 51.1% agreed, 31.4% disagreed).

Finally, concerns about workflow disruption due to constant
validation are not predominant, as more developers tend to disagree
with this issue (Q31.9, 41.9% disagreed), although a relevant portion
still perceives some impact or remains neutral.

The justifications and additional points resulted in 8 unique
comments that were grouped into seven distinct categories. In the
Efficiency conditioned by the type of task grouping, com-
ments highlight the efficiency of Al for specific activities, as stated
by Dev_54: “[...] It accelerates tasks such as organizing ideas, code
review, and documentation production, reducing the time spent on
repetitive or refinement activities.” The Efficiency conditioned by
prompt quality category justifies that efficiency is dependent on
the quality of the prompt used, while Efficiency in Development
Support Activities consolidates the tool as a support for general
development activities. The Cognitive Efficiency Gains category
points to gains in the cognitive dimension, whereas Learning
Limitations Associated with Al Use considers that, in activities
outside the developer’s primary domain, learning may have limita-
tions. Finally, Efficiency Restriction by Human Factors reports
that AT use can lead to mental blocks and exhaustion and Strategic
Use of Al for Efficiency Increase states that technology must be
used strategically to achieve effective efficiency gains.

Finding #7. GenAl efficiency is conditional and strategic, show-
ing particular value in repetitive tasks and technical refinement
but can be constrained by prompt quality and the risk of mental
exhaustion. Furthermore, its use in areas outside a developer’s
primary expertise may restrict deep learning, requiring con-
scious application to avoid productivity blocks.

Coelho et al.

4 Discussion

This section presents a synthesis of the main findings from the
perspective of the SPACE framework dimensions. Subsequently, it
conducts a complementary and exploratory quantitative analysis
and compares our findings with related work.

Summary of SPACE Dimensions. We consolidated the main
RQ2 findings into a conceptual image. Figure 1 presents a synthesis
of the benefits and tensions reported in developers’ practices of
GenAl usage.

The analysis reveals that GenAl acts as a potent individual ac-
celerator while introducing new sociotechnical challenges. In the
Satisfaction & Well-being dimension, we observed that reducing
repetitive tasks boosts confidence and daily satisfaction. However,
tensions such as anxiety in specific tasks, concerns regarding tech-
nological dependency, and perceived pressure on delivery deadlines
emerge. In Performance & Quality, the increase in delivery speed,
support for code quality, and potential reduction in defects are
balanced by the indispensable need for human review due to the
risk of subtle bugs and security concerns.

In the Activity dimension, GenAl support is evident in devel-
opment tasks, debugging, code explanation, and documentation.
Nonetheless, it is less frequently used in management-related ac-
tivities. For Communication & Collaboration, the findings point to
improvements in technical understanding, onboarding, and com-
munication clarity. Conversely, prompt sharing is not yet a stan-
dardized practice, and Al-generated PRs raise concerns about subtle
logical errors. Finally, regarding the Efficiency dimension, GenAl
enables faster information retrieval, supports activities outside the
developer’s primary domain, and reduces technical blocks. How-
ever, further improvements are needed to mitigate the time spent
on prompt engineering, workflow disruptions, and constant valida-
tion overhead. We can thus emphasize that while the use of GenAl
tools leads to noticeable improvements in perceived developer pro-
ductivity, these gains are conditioned upon human supervision,
continuous validation, and responsible use.

Supplementary Statistical Analysis. To complement our find-
ings, we conducted exploratory stratified comparisons based on
seniority and GenAl usage frequency. Participants were grouped by
seniority into early-career developers, including interns, trainees,
and juniors (n = 20), mid-level developers (n = 30), and senior
developers (n = 36). They were also grouped by usage frequency
into intensive users, who reported using GenAl tools more than
once a day (n = 50), and other users (n = 36). Before computing
the composite scores used in these comparisons, we assessed the
internal consistency of each item grouping using Cronbach’s alpha
and retained only groupings with a > 0.60 [19].

Items were initially classified as benefits or tensions according
to the semantic orientation of each statement. Benefit scores aggre-
gate Likert items describing desirable effects of GenAl use, such as
improved satisfaction, quality, collaboration, or efficiency (Q15.1,
015.7-Q15.9,019.4,Q19.7-Q19.8, Q27.1, Q27.3-Q27.8, Q31.1, Q31.3~
Q31.8). Tension scores aggregate Likert items describing perceived
costs or risks, such as anxiety, dependency, pressure, bugs, secu-
rity concerns, or validation overhead (Q15.2-Q15.6, Q19.1-Q19.3,
0Q19.5-Q19.6, Q27.2). The Activity dimension was analyzed sepa-
rately as a frequency score based on Q23.1-Q23.9. Items Q31.2 and
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I Overall synthesis

GenAl is perceived as a productivity accelerator, but its benefits depend on human oversight, continuous validation, and responsible use.

Figure 1: Synthesis of GenAl Benefits and Tensions across the SPACE Framework Dimensions

Table 9: Exploratory stratified comparisons of composite

scores derived from SPACE items.

Outcome Group medians [IQR] P PHolm  Effect size
Seniority comparison

Satisfaction benefits E: 3,75 [5.25-4.06; M: 3.88 [3.25-4.25]; 5: 325 [269-356]  0.006 0056 €2 =0.101, moderate
Satisfaction tensions E: 2.70 [2.35-3.25]; M: 2.80 [2.20-3.40]; S: 2.60 [2.20-3.40]  0.873 1.000 62 =0.000, negligible
Performance benefits E: 3.67 [3.25-4.33]; M: 3.83 [3.00-4.33]; S: 3.67 [3.00-4.00]  0.608 1.000 62 =0.000, negligible
Performance tensions E: 3.50 [3.15-4.05]; M: 3.40 [3.20-4.00]; S: 3.40 [3.15-3.80]  0.654 1.000 52 =0.000, negligible
Activity frequency E:3.56 [3.22-4.00); M: 3.78 [3.06-431]; S: 3.56 [3.19-3.92]  0.608 1.000 €2 - 0.000, negligible
Communication benefits ;371 [3.29-4.14]; M: 393 [3.14-439];5: 343 [257-375] 0,033 0261 €2 =0.058, small
Communication tensions  E:3.00 [1.75-4.00); M: 3.00 [2.00-4.00]; S: 3.00 [3.00-4.00]  0.631 1.000 €2 - 0.000, negligible
Efficiency benefits E: 4.00 [3.79-4.61]; M: 4.14 [3.61-4.43]; $: 357 [3.00-4.00]  0.009 0.084 62 = 0.089, moderate
Efficiency prompt effort E: 3.00 [2.00-3.00]; M: 3.00 [2.00-4.00); S: 250 [1.00-3.00]  0.087 0.608 52 =0.035, small
Efficiency validation E:3.00 [1.75-4.00); M: 3.00 [2.00-4.00]; S: 2.50 [1.00-3.00]  0.089 0.608 €2 = 0.034, small

Usage intensity comparison
Satisfaction benefits I: 3.62 [3.25-4.25]; O: 3.25 [2.44-3.75] 0.016 0.096 & =0.304, small
Satisfaction tensions I: 2.60 [2.20-3.40]; O: 2.80 [2.20-3.40] 0.626 1000 & =-0.062, negligible
Performance benefits I: 3.83 [3.08-4.33]; O: 3.33 [2.67-4.00] 0.013 0.093 & =0.312, small
Performance tensions I: 3.20 [3.00-3.95]; O: 3.70 [3.40-4.00] 0.022 0111 & =-0.289, small
Activity frequency I: 3.89 [3.56-4.44]; O: 3.17 [2.75-3.56] <.001 <001 & =0.626 large
Communication benefits  I: 3.86 [3.32-4.29]; O: 3.21 [2.43-3.71] <.001 0.004 & =0.449, medium
Communication tensions ~ I: 3.00 [2.00-4.00]; O: 3.00 [3.00-4.00] 0.762 1.000 & = -0.037, negligible
Efficiency benefits 1: 4.07 [3.! 3.64 [2.57-4.04] 0.002 0.016 & =0.392, medium
Efficiency prompt effort  I: 3.00 [1. 3.00 [2.00-4.00] 0479 1.000 088, negligible
Efficiency validation 1: 3.00 [1.00-3.00]; O: 3.00 [2.00-4.00] 0.425 1.000 S =-0.099, negligible

Notes. E = early-career developers, including interns, trainees, and juniors; M = mid-level developers; S = senior
developers. I = intensive users, who reported using GenAl more than once a day; O = other users. ppy|y, denotes

Holm-adjusted p-values. Benefit- and t iented composite scores were puted by grouping items according to
the semantic orientation of each statement and retained when their internal consistency reached & > 0.60. Q31.2 and
Q31.9 were analyzed ly as effici lated single-it Results are expl ; Likert and frequency

scores range from 1 to 5.

Q31.9 were not aggregated into a composite score because their
grouping showed internal consistency below the adopted threshold
(a < 0.60). Only Q19.3 was reverse-coded so that higher scores
consistently represented stronger performance-related tensions.

Since the scores were derived from Likert and frequency scales,
we used non-parametric tests: Kruskal-Wallis for seniority-based
comparisons and Mann-Whitney U for usage-frequency compar-
isons. We adjusted p-values using the Holm correction and reported
effect sizes using epsilon-squared and Cliff’s delta, respectively.
When applicable, Dunn’s post-hoc test with Holm correction was
used for pairwise comparisons. The complete analysis is available
in our replication package [10]. Table 9 summarizes the results of
the exploratory stratified comparisons.

We found that the most consistent differences were associated
with GenAl usage intensity. After Holm correction, intensive users
reported higher Activity frequency, Communication benefits, and

Efficiency benefits, with medium to large effect sizes. This suggests
that developers who use GenAl more than once a day tend to inte-
grate these tools more broadly into daily development activities and
perceive stronger support for onboarding, technical understanding,
information retrieval, and reduced blocking.

Seniority-based differences were more limited. Although early-
career and mid-level developers tended to report higher Satisfaction
benefits and Efficiency benefits than senior developers, these differ-
ences did not remain significant after Holm correction. Thus, the
results suggest that usage intensity is more clearly associated with
perceived GenAl benefits than seniority. Tension-related outcomes,
including the single-item efficiency outcomes related to prompt
effort and validation overhead, did not consistently increase among
intensive users, which may indicate that frequent users develop
better strategies for validating and integrating GenAl outputs.

5 Related Work

Drucker [14] defines knowledge worker productivity through qual-
ity and task management autonomy. In SE, the concept is complex
and not limited to isolated metrics [23]. As knowledge-intensive
work, productivity results from collaboration and the exchange of
ideas among developers [13, 17, 28, 40].

GenAl is considered a transformative technology that automates
routine tasks and assists in implementation, debugging, and doc-
umentation [20, 21, 34, 43]. Initial studies indicate positive corre-
lations between the use of these tools and individual productivity,
focusing on reducing the execution time of technical activities
[11, 12, 29]. However, impacts vary according to task complexity
and the developer’s experience [5, 15]. The literature emphasizes
that Al-driven efficiency must be balanced with human oversight to
avoid overreliance and the degradation of technical rigor [4, 30, 38].

Recent studies have applied the SPACE framework and related
productivity models to investigate the impact of GenAlI tools on
software development. Peng et al. [35] conducted the first controlled
experiment to measure the impact of GitHub Copilot on productiv-
ity. They recruited 95 programmers, dividing them into treatment
and control groups, and assigned them the task of implementing
an HTTP server in JavaScript. The group with access to Copilot
completed the task 55.8% faster. Our results converge, as the most



SBES 2026, September 8-11, 2026, Sao Paulo, SP, Brazil

cited benefits associated with GenAl tools were Productivity (69.8%)
and Technical Understanding & Learning (41.9%).

Bird et al. [6] examined the early experiences of GitHub Copilot
in three studies: a forum analysis, a think-aloud study, and a survey.
They observed that developers spent less time on Stack Overflow
but also exhibited a lower understanding of how the generated
code worked. They also found that users spent more time reading
and reviewing code than writing it. Our findings extend this dis-
cussion by showing that developers reported concerns regarding
technological dependency and skill atrophy (57.0%).

Wivestad and Ulfsnes [47] found strong associations between
GenAl and the Satisfaction and Efficiency dimensions of the SPACE
framework, but weaker relationships with Performance and Com-
munication & Collaboration. Our findings are consistent with these
results and provide a possible explanation for them. Developers
reported substantial gains in satisfaction due to the reduction of
repetitive tasks (83.7%). However, faster delivery of valuable fea-
tures (77.9%) coexisted with the occurrence of subtle bugs (58.1%)
and a strong need for human review (86.0%), suggesting that produc-
tivity gains are partially offset by the effort required for validation.

Our results also complement the study by Ziegler et al. [49],
which identified the acceptance rate as the primary predictor of
perceived productivity. While their findings suggest that useful
Al suggestions drive productivity gains, our results indicate that
acceptance alone does not fully capture productivity, as developers
still devote considerable effort to reviewing Al-generated outputs.

Finally, Coelho et al. [11] reported anticipated benefits and draw-
backs of GenAI among Brazilian software developers. Our study
complements these findings by providing prevalence data, includ-
ing benefits for onboarding new team members (74.4%), limited
prompt sharing among colleagues (53.5%), and the occurrence of
subtle bugs in Al-generated code (58.1%).

6 Trustworthiness of the Study

Regarding construct threats, the research questions were grounded
in the literature on productivity and GenAlI [11, 15]. To mitigate
construct misinterpretation, the survey followed the SPACE frame-
work, was reviewed by experienced SE researchers, and was piloted
with developers from different seniority levels. As for internal
threats, the study relies on self-reported perceptions, which may
be affected by recall bias, social desirability bias, and prior attitudes
toward GenAl Therefore, our findings reflect perceived impacts
rather than objective performance measures. Regarding conclu-
sion threats, the findings may not fully support all possible infer-
ences drawn from the data. To reduce confirmation and interpreta-
tion bias, quantitative and qualitative results were discussed among
the researchers. The qualitative analysis followed inductive open
coding with multiple researchers, calibration meetings, consensus
discussions, thematic classification, and final review.

Finally, non-probabilistic convenience sampling limits external
validity. Although the final sample (N = 86) is adequate for an
exploratory analysis, it may not represent the broader software
industry. In particular, the sample is predominantly composed of
developers working in large companies and professionals with more
than six years of experience, which may limit the generalizability
of the findings.

Coelho et al.

Although the sample provided quantitative and qualitative ev-
idence across all five SPACE dimensions, it may not capture the
full range of developers’ experiences within each dimension. Thus,
this study offers initial empirical evidence rather than definitive
generalizations.

7 Conclusion

This study investigates the impact of GenAlI tools on developer pro-
ductivity through the lens of the five SPACE framework dimensions.
The main contribution of this work lies in the multidimensional
synthesis of GenAlI benefits and tensions within contemporary in-
dustrial practice. Beyond the technical analysis per dimension, we
provide an open repository containing the categorized developer
responses. This initiative aims to strengthen scientific research in-
tegrity by enabling auditability, transparency, and data reuse by
other researchers for comparative studies or meta-analyses.

Our study points to several practical implications. Quality con-
cerns hold implications for GenAl adoption policies. Given the
frequency of subtle bugs, teams should classify these tools as draft-
ing assistants rather than autonomous generators. Organizations
must update code review guidelines to mandate human validation.
Developers can benefit from these findings by using the SPACE
dimensions to reflect on and adjust their workflows, particularly
by encouraging the sharing of GenAl strategies and best practices,
since many currently do not share them (53.5%), which may lead
to knowledge silos. At the organizational level, companies can use
these insights to improve governance and support practices, espe-
cially by addressing reported pressure for faster delivery and en-
suring that GenAI adoption does not negatively impact well-being.
The observed fear of cognitive loss (57.0%) also suggests the need
for continuous training to reinforce programming fundamentals.

As future work, we intend to extend this investigation through
the following avenues: (i) Exhaustive Qualitative Analysis, pro-
cessing the full volume of open-ended responses that could not
be detailed here due to page limits; (ii) Deep Statistical Analysis,
conducting correlation studies between seniority, domain, and us-
age frequency with quality and satisfaction perceptions; and (iii)
Experimental Validation, performing a controlled experiment to
compare the practical performance of developers with and without
GenAl assistance, confronting metric results with the perceptions
reported in this survey.

Artifact Availability

The artifacts supporting this study are available in the replication
package repository: https://doi.org/10.5281/zenodo.22135084. The
repository contains anonymized survey data, qualitative coding,
quantitative datasets, and statistical analysis outputs used in this
study. All participant-related data were sanitized prior to disclosure.
The artifacts will remain publicly available after publication.
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