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Abstract—Software developers increasingly rely on AI code
generation utilities. To ensure that “good” code is accepted into
the code base and ‘“bad” code is rejected, developers must know
when to trust an Al suggestion. Understanding how developers
build this intuition is crucial to enhancing developer-Al collabo-
rative programming. In this paper, we seek to understand how
developers (1) define and (2) evaluate the trustworthiness of a
code suggestion and (3) how trust evolves when using Al code
assistants. To answer these questions, we conducted a mixed-
method study consisting of an in-depth exploratory survey with
(n=29) developers followed by an observation study (n=10).

We found that comprehensibility and perceived correctness
were the most frequently used factors to evaluate code suggestion
trustworthiness. However, the gap in developers’ definition and
evaluation of trust points to a lack of support for evaluating
trustworthy code in real-time. We also found that developers
often alter their trust decisions, keeping only 52% of original
suggestions. Based on these findings, we extracted four guidelines
to enhance developer-Al interactions. We validated the guidelines
through a survey with (n=7) domain experts and survey members
(n=8). We discuss the validated guidelines, how to apply them,
and tools to help adopt them.

Index Terms—Trust, Al-code assistants, Software development

I. INTRODUCTION

The usage of LLM-based code assistants is becoming in-
creasingly common among developers. These Al-code assis-
tants, like GitHub Copilot, PaLM 2 [1], and ChatGPT 4 [2],
have garnered massive popularity with reports of over a million
developers using Copilot as of late 2023. More recent reports
from 2024 suggest that 76% of developers are using or plan
to use Al tools, and that 72% of developers are favorable or
very favorable towards Al tools for development [3].

Using LLMs fundamentally changes the cognitive process
underlying the process of programming. Compared to tradi-
tional problem-solving approaches of programming without
Al, where programmers ideated solutions for a problem,
developers now increasingly refer to Al to identify solution
approaches. This shifts the role of developers from generating
code to understanding, selecting, and adapting code.

Under such a paradigm, developers must carefully decide
which suggested solutions to trust and integrate. It is untrivial
to make these decisions. Recent studies have indicated that
issues with user prompts often lead to incorrect or suboptimal
code suggestions [4]. Code suggestions can have security [5]

and vulnerability issues [5], and robustness [6]. Additionally,
decisions to trust code suggestions are not independent of
subsequent decisions. Accepting a bad code suggestion can
lead to wasted time fixing bugs, resolving conflicts, and
undoing changes.

Yet, developers lack support in deciding which suggestion to
trust in real time. One body of work quantified and calculated
different model parameters like a “confidence score” to con-
vey trustworthiness [7], [8]. However, these scores were not
meaningful, as they became evident when tools like Copilot
removed such features from the interface [5]. Others tried
attempts to adopt the LLM architecture to increase trustwor-
thiness [9], [10], which were also found to be ineffective [11].

The lack of support for developers stems from our lack
of understanding of what developers consider a trustworthy
code suggestion. The importance of supporting the underlying
process is imminent from the increasing number of very recent
publications looking into the dynamics of what influences
developer trust [12], [13]. Without this knowledge, we will
not be able to design meaningful support that improves devel-
opers’ ability to decide which code suggestions to accept and,
eventually, how to use Al code assistants better.

To analyze the developers’ decisions in estimating trust-
worthiness of code suggestions, we investigate RQ1. How do
software developers define a trustworthy code suggestion? The
definition tells us about the support developers need to make
better decisions. Next, we investigate how developers evaluate
Al-suggested code in practice by asking RQ2: What factors
do developers use when assessing trustworthiness? Any gap
between definition and evaluation in practice points to a gap
in support for developers. The lack of such support might
influence developers to reconsider previously trusted code.
This leads us to ask RQ3: Why do developers alter their
trust in code suggestions? Understanding the patterns behind
these changes can help developers avoid unnecessary effort
and make better trust-related decisions.

We conducted a mixed-method study with an exploratory
survey with (n=29) developers to delve deeper into how
developers make decisions about the trustworthiness of code
suggestions. In parallel, we conducted an observation study
with a short post-study interview session with (n=10) develop-
ers and student programmers, providing triangulating findings.



Our findings suggest that while trustworthy code is tra-
ditionally regarded as reliable and secure, developers using
Al assistants prioritize correctness, comprehensibility, and
maintainability to estimate trustworthiness. However, there is
a lack of support for evaluating these characteristics on the
fly, leading developers to assess proxy characteristics instead.
Notably, developers mistakenly trust code suggestions in 48%
of observed instances (142 in total), often due to incorrect
assessment of correctness or blindly accepting code.

Based on our findings, we provide four guidelines for eval-
uating the trustworthiness of code suggestions and pathways
to apply and build tools to help apply the guidelines. Our
paper makes a novel effort to delve deep and look into how
developers define, assess, and build ideas about trustworthy
suggestions from Al code assistants. Findings from our study
can inform future code-Al tools or frameworks as they pro-
vide a meaningful data-driven understanding of the cognitive
process of human-AlI collaborative programming.

II. RELATED WORK

In this paper, we aim to study the dynamics of how
developers decide which code suggestions to trust and how
they define/assess the trustworthiness of code suggestions.
Throughout this paper, we use frust to refer to the action of
developers relying on/accepting a generated code suggestion
and trustworthiness as the quality of a code suggestion that
indicates the degree to which developers can trust it. Our paper
builds on two bodies of work:

A. Generative Al in software development

Advances in generative Al models have opened up countless
new possibilities in software development [14], [15], and Al-
code assistants like Copilot and PaLM 2 [1] have gained
popularity in their ability to generate meaningful suggestions.
Nonetheless, generating production-quality code suggestions
for complex software systems remains a difficult task, espe-
cially in fast-paced and stressful work environments [16], [17].

Al code generation tools shift the cognitive process of
programming [18], [19], introducing challenges like incom-
plete mental models [20] and difficulty in evaluating Al-
suggested code [14], [15], [21]. These barriers make it harder
for developers to decide which suggestions to trust [5], [22],
especially given the uncertainty and lack of accountability in
Al outputs. These limitations highlight the need to carefully
evaluate suggested code and align with recent frameworks for
building trustworthy software tools [23]. This motivates our
study of trust mechanisms developers use when working with
Al code assistants.

B. Trustworthy software

Bohem et al. introduced a hierarchical categorization of
code characteristics. At the foundational level, they identified
characteristics such as accuracy, robustness, and consistency.
These foundational traits were then grouped into broader
categories: reliability, efficiency, testability, understandabil-
ity, modifiability, and human engineering [24]. Since then,

software researchers have used quantitative metrics to assess
different characteristics of the code [25] such as comprehen-
sibility [23], [26], readability [27], correctness, usability, effi-
ciency, and maintainability. However, recent reports highlight
the challenges of relevancy [28] and empirical support [29]
for using software metrics in estimating code characteristics.

Complex characteristics like the trustworthiness of code
suggestions that depend on individual developer expectations
and requirements are especially different from software met-
rics. Investigating trust requires an understanding of human-
centric metrics around code interactions [30]. To enhance the
trustworthiness of Al models, some have proposed selectively
displaying results to users based on specific code character-
istics [31]. While this approach may improve developer-Al
interactions, it doesn’t tackle the fundamental issue of building
trust in the AI system. Inspired by the potential of using
concepts of code characteristics, we evaluate the effectiveness
of code factors in understanding how developers evaluate the
trustworthiness of code suggestions.

III. METHOD
A. Survey

We conducted a survey in two parts. In the first part, we
asked participants to share their definitions of trust in software
development and identify factors influencing their trust. Then,
we asked them to rate Python code snippets based on how
trustworthy they think that code snippet is.

Participants. We recruited 29 participants, including 14 pro-
fessionals (~50%), by email or direct message on professional
social media, such as LinkedIn. Participants were compensated
$15 via an Amazon gift card as an incentive for participating.
The only criteria used for recruitment were that the participants
were older than 18 years, residents of the United States, and
familiar with Python.

Demographics. We asked for participants’ age, gender
identity, highest level of completed education, current job
title, years of programming experience, and years of Python
programming experience. They were 22 to 39 years old. 17
were male, 11 female, and one preferred not to identify their
gender. There were ten participants with a bachelor’s as their
highest completed degree, 18 with a master’s degree, and one
with a high school diploma or equivalent. There were 15
graduate students, 13 software engineers and data scientists,
and one aerodynamics engineer. Their years of experience in
software engineering ranged from less than a year to ten years
(u = 4.66, o = 3.24). Similarly, their Python programming
language experience ranged from none to ten years. Details of
participants are provided in Table I. Out of 29 participants, 22
had prior experience with Al code assistants. Half of those 22
said they prompt the Al code assistant for code suggestions
occasionally (25% of the time). 13 said they accept the
models’ suggestion sometimes (50% of the time).

Factor Ratings. We asked participants to rate factor’s con-
tribution to forming their trust in a code suggestion. We
started with the software metrics collected from software
quality assessment packages such as SonarQube [32], Radon



TABLE I
SURVEY PARTICIPANTS DEMOGRAPHICS

Age | Gnd. Job Exp. I I
P1 | 25 M Student 0 Rarely (0%) Rarely (0%)
P2 | 25 M Student 3 | Occasionally (25%) | Sometimes (50%)
P3| 24| M Student 3 Rarely (0%) Occasionally (25%)
P4 | 28 | M | Software Developer | 3 Frequently (75%) | Occasionally (25%)
P5 | 24 F Student 2 | Occasionally (25%)| Sometimes (50%)
P6 |30 | M Student 10 | Sometimes (50%) | Sometimes (50%)
P7 | 30 | M |Software Developer | 10 Rarely (0%) Sometimes (50%)
P8 |24 | M Student - - -
P9 | 27 F Student 3 Sometimes (50%) Rarely (0%)
P10| 24 | M Student 1 Sometimes (50%) Rarely (0%)
P11 | 27 F Student 1 -
P12| 27 F | Software Developer | 6
PI3{23 | M Student 1 - -
P14 | 25 M Data Scientist 7 | Occasionally (25%) | Sometimes (50%)
P15| 28 F | Software Developer | 5 - -
P16 | 27 F | Software Developer | 6 | Occasionally (25%) | Occasionally (25%)
P17(24 | M Student 0 - -
P18 36 F Student 6 Frequently (75%) | Sometimes (50%)
P19 | - - Student 5 | Occasionally (25%) Rarely (0%)
P20 | 26 F Student 4 Frequently (75%) | Sometimes (50%)
P21 | 24 F Student 6 | Occasionally (25%) | Sometimes (50%)
P22 33 F | Software Developer | 9 | Occasionally (25%) | Frequently (75%)
P23 | 28 M | Software Developer | 5 | Occasionally (25%)| Sometimes (50%)
P24 33 M | Software Developer | 10 | Sometimes (50%) | Sometimes (50%)
P25 | 28 F | Software Developer | 3 | Occasionally (25%) | Sometimes (50%)
P26 | 39 | M | Software Developer | 4 -
P27| 30 | M | Software Developer | 9 Sometimes (50%) | Sometimes (50%)
P28 | - M | Software Developer | 10 | Sometimes (50%) Rarely (0%)
P29 | 22 | M | Software Developer | 3 Sometimes (50%) | Sometimes (50%)

*I: How often do you prompt AI while programming?
*II: How often do you accept Al suggestions while programming?

[33], Bandit [34], and Codacy [35]. Two researchers clustered
those metrics into seven categories. These categories were 1)
Size, 2) Maintainability, 3) Comprehensibility, 4) Similarity to
codebase, 5) Correctness, 6) Optimality, and 7) Security. We
asked participants to rate each factor on a scale from 1 (not
affecting trustworthiness) to 5 (affecting trustworthiness a lot).

“Trust” Definition. We also asked participants for their
definition of a trustworthy code suggestion by asking “What is
a trustworthy code suggestion for you? In other words, when
do you trust a code suggestion to accept it (into the code-
base)?” One author open-coded the trust definition for each
participant and performed a round of negotiated agreements
with a second author to identify 13 dimensions in participants’
trust definition and presented in RQI1.

In the second part, we gather participants’ trust ratings on
various code snippets and comments to understand why they
trust a snippet.

Code Snippet Dataset. We used code snippets from the
CodeXGlue dataset [36] for its relevance and availability.
It provides code-to-text pairs in multiple programming lan-
guages. Other datasets we considered, such as DiverseVul
[37] and CVEfixes [38], were either limited to less popular
languages or had usability issues. The dataset only contained
Python code snippets. We scoped our study to Python for its
simplicity [39], popularity among scientists [40], and extensive
supportive community [39] to broaden our participant range.

Of the 251,820 Python functions in the CodeXGlue dataset,

we filtered out functions longer than 20 lines and shorter
than 10 lines—following prior work [41]—narrowing the set
to 96,369 functions. This decision helped ensure that the
functions are not too time-consuming to parse or too short
to evaluate. We then randomly sampled 100 snippets, which
two authors categorized into “Easy”, “Medium”, and “Hard”
based on understandability. Using inter-rater agreement to
ensure consistency in the categorization, we reached kappa
0.62, signifying substantial agreement according to Cohen’s
kappa coefficient [42] after two rounds (round one 0.03 with
p = 0.018 and round two: 0.62 with p = 0.037). We prompted
GitHub Copilot with function signatures and docstrings to gen-
erate Al versions of each snippet. The authors then manually
inspected these 100 generated snippets to ensure they were
meaningful. Since all snippets were derived from reviewed
GitHub code, they can be considered correct.

Code Trust Evaluation. We randomly selected 20 code
snippets for each participant, asking them to rate the trustwor-
thiness of each snippet on a scale from 1 (least trusted) to 10
(most trusted). To provide context to evaluate the snippets, we
included a brief one-line project description for each snippet,
avoiding using full code bases or links to GitHub to prevent
bias. The selected snippets were evenly split between human-
generated and Al-generated code and were categorized by
difficulty into “Easy”, “Medium”, and “Hard”.

We asked participants to comment on their trust ratings
by answering “What were your reasons to (not to) trust a
code snippet?” Comment boxes were placed on every three
medium-difficulty snippets and on every two hard and easy-
difficulty snippets to reduce fatigue, given the higher number
of medium snippets. This approach gave us a dataset of
annotated and commented code snippets. Two researchers
conducted five rounds of inter-rater reliability assessment for
hybrid qualitative coding, starting with an initial codebook
based on “Trust” Definition codes [30], and [43]. The kappa
values for inter-rater agreement were 0.0136 (p = 0.8), 0.426
(p < 0.001), 0.496 (p < 0.001), 0.574 (p < 0.001), and 0.697
(p < 0.001). After revising the codebook and merging codes,
they achieved a strong agreement [42] with a kappa of 0.844
(p < 0.001) in the final round.

B. Observational Study

We conducted an observation study with a post-study
interview to identify subconscious patterns in how people
evaluate the trustworthiness of code. This study provided
the observational study data and post-session interview data
sources from which we can answer RQ3. We used Qualtrics
for the pre-study questionnaire and Zoom for the interviews,
both approved by the Institutional Review Board (IRB).

Participants. We recruited ten participants (five professional
developers and five student developers) via university email
lists and professional social media. Recruitment was balanced
(a student and a software developer at a time), and we stopped
recruiting once we reached saturation. Developers were re-
cruited through snowball sampling from various companies,
while students were recruited from the university roster via



email. All participants had over three years of programming
experience, regularly used LLM tools, and were compensated
$40 via an Amazon gift card.

Demographics. We had three female and seven male partici-
pants. All of them have more than three years of experience in
software development. Four participants worked on a Python
project, and the other six worked on a web application project,
which included the use case of HTML, CSS, and JavaScript
languages. Six participants only used ChatGPT during the
study session, two participants only used GitHub Copilot, and
the other two used a combination of LLMs for the session.
Details of participants are provided in Table II.

TABLE 11
OBSERVATION STUDY PARTICIPANTS DEMOGRAPHICS

Gnd. Exp. Langue(s). LLM

OP1 F 3-6 yrs | HTML, CSS, JS ChatGPT
OP2 M 3-6 yrs | HTML, CSS, JS Copilot
OP3 M >6 yrs | HTML, CSS, JS | Copilot, ChatGPT, Gemini
OP4 M >6 yrs Python ChatGPT
OP5 F 3-6 yrs Python ChatGPT, Claude
OP6 M 3-6 yrs | HTML, CSS, JS ChatGPT
OP7 M 3-6 yrs | HTML, CSS, JS ChatGPT
OPS8 F >6 yrs Python ChatGPT
OP9 M >6 yrs | HTML, CSS, JS ChatGPT
OP10 M >6 yrs Python ChatGPT

Coding Session. In the observational study, participants had
60-minute Zoom sessions where we recorded their screen
and audio with consent while they interacted with Al code
suggestions on self-chosen projects. We did not control the
programming language to preserve natural behavior, and our
analysis found no significant differences between languages.
We tracked accepted or rejected suggestions and noted any
modifications, clarifying ambiguous actions with follow-up
questions. The sessions were transcribed, and all interactions,
verbalizations, and prompts were logged. Two authors con-
ducted descriptive qualitative coding [44] to categorize the
reasons for accepting or rejecting suggestions, using trust
factors from the survey, and analyzed code modifications or
deletions instances through a negotiated agreement [45].

Post-study Interview. We conducted a 15-minute follow-up
interview session where we asked participants about their prior
good and bad experiences with code generation models and
how that affected their trust. We also asked questions like
“Can you describe a specific experience when your trust in
an Al code suggestion significantly increased?” and, “When
you see a code suggestion, can you think of steps you go
through to decide whether to accept/reject it?” The complete
set of questions is provided in supplementary materials . To
analyze, two researchers collaboratively performed a round of
descriptive coding through negotiation along two dimensions:
1) annotating their reasons for trusting suggestions with the
trust factors from the survey (closed coding) (e.g., “[I] realize
how it’s working. It just has ten words, and it’s guessing the
11th word.” [P4] was annotated with the Comprehensibility

lhttps://ﬁgshare.com/s/7ace1 3271c37bc3eadbf

factor), and 2) open coding their experiences with Al code
assistants (e.g., “If it gets it right, then it can handle my
second task” [P2] was coded with Positive Prior Expectation).
Detailed coded answers are in supplementary materials.

C. Expert and Member Validation of Guidelines

From our mixed method study, we extracted four guidelines
that developers and researchers can apply to improve the
trustworthiness of code suggestions. To validate these guide-
lines, we conducted a follow-up survey with 15 participants,
seven experts with research experience in software engineering
and Al, and eight randomly selected participants from the
initial survey (among 29 participants). Table III summarizes
their expertise in the SE industry, research, and artificial
intelligence. In this survey, we collected feedback on the
guidelines’ impact, practicality, and overall agreement. We
also asked them to provide suggestions for improvement and
propose additional guidelines to complement the set.

TABLE III

PARTICIPANT EXPERIENCE IN SOFTWARE ENGINEERING (SE), SOFTWARE
RESEARCH (SR), AND ARTIFICIAL INTELLIGENCE (AI)

SE | SR | AI SE | SR | AI
EXPI | 20 | 20 | 5 MIi®2D | 6 | 3 | O
EXP2 | 24 | 22 | 20 M2 (P2) 310 | 2

2 EXP3| 0 |0 |7 | g M3®5 6 1 2

5 OEXP4 | 14| 14| 8 || 2 Maen | 1 0| 3

& Bxps | 8 |20 | 0| § Msein| 1| 0| 4

= O Bxp6 | 5 | 5 | 4 || = M6®3) 4 1 0| o0
EXp7 | 5 | 5 | 8 M7 (P8) 6 1] o0

M8 (P8) o] 0] o0

To analyze the responses, we summarized participants’
feedback for each guideline and then revised the guidelines
based on their suggestions, incorporating improvements and
adding new applications and design opportunities.

IV. HOW DO SOFTWARE DEVELOPERS DEFINE A
TRUSTWORTHY CODE SUGGESTION? (RQ1)

To answer this RQ, we look into the factors that participants
found impactful in influencing their trust decisions, as well as
their own definitions of trustworthy code.

A. Software factors that impact trustworthiness

Despite the vast body of literature concerning trust in
software development, no prior work has explicitly defined the
term “trustworthy code”. Inspired by software quality metrics
(see Section III-A), we identified seven factors that are related
to the trustworthiness of code and asked participants to rate
the impact of these factors on their trust process on a Likert
scale. The results are illustrated in Figure 1; Factors are listed
on the y-axis, and the length of each box is proportional to
the number of participants rated at the impact level.

Participants found Correctness and Comprehensibility to be
the most impactful factors in determining trustworthiness, with
29 and 25 participants (out of 29) rating them as four or five
(out of five), respectively. Maintainability and Similarity to
the code base were rated substantially impactful with rated 11
and 16 times as substantial respectably. While Security was
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Fig. 1. From the survey: impact level of software quality factors on the
trustworthiness of code.

also rated mostly substantial, the opinion about its impact on
trustworthiness varied in the range.

While secure and optimal code might conventionally be
considered the most critical criteria for trust in a code
snippet, the participants from our study assigned little
importance to either of them. Instead, they rated correctness
and comprehensibility as the most significant factors influ-
encing trust, with maintainability and similarity to existing
code following closely.

B. Defining Trustworthy code

Participants also provided their own definitions for trust-
worthy code suggestions in the survey. Our qualitative coding,
presented in Table IV, revealed that participants have various
dimensions that define “trustworthiness”. We discuss each of
these categories below:

Correctness. 18 participants used correctness as a factor
to define trustworthiness, using two different approaches.
One group (eight participants) expressed the suggested code
should match their expectations of the given task and “meet
[their] requirements” [P6]. The other group (10 participants)
identified correct code as code that is “precise” [P10], doesn’t
“introduce errors” [P21], and is executable [P12]. Determining
functional correctness on the fly is non-trivial, especially
when making a quick decision about whether to trust a
code suggestion. Participants employed different strategies to
assess correctness. Nine participants preferred testing code
suggestions themselves, while two relied on tested code by
other developers, e.g., P11: “[I trust] when the code has been
tested by [several] people over [some] scenarios.”

Comprehensibility. 16 participants mentioned comprehen-
sibility as another factor to define trustworthiness. For ex-
ample, P17 said they would trust a code suggestion de-
pending on the ease of understanding: “when [they] believe
that [they] completely understand what the suggested code
will do”. Similarly, P13 mentioned that “a trustworthy code
suggestion is [one that is] transparent or easy to understand.”
Three participants [P8, P24, P26] mentioned they used code
characteristics (Comments and Variable Naming) to determine
comprehensibility. P8 stated they notice whether code has
“proper comments attached to its parts” and “understandable

names” before trusting the suggestion. Other participants [P2,
P3] argued for Simple Logic as important for comprehension,
as “the code logic [should be] elementary” to make it easier
to comprehend [P2].

Maintainability. Five participants pointed out that the sug-
gested code should be maintainable to trust and adapt to their
code base. For example, P22 stated that a “trustworthy code
suggestion to me is when [... ] the code is maintainable.” Par-
ticipants also considered whether the code is easily adaptable
when trusting a suggestion. For example, P14 considers “a
suggestion as a template that [they] can build upon and fix.”

Five participants [P22, P26, P27, P28, P29] emphasized
that adherence to conventions, including code and project
standards, is crucial for trusting code. Participants [P12, P24,
P29] preferred suggestions similar to their code base for
improved cohesion and flow. Twelve participants mentioned
additional factors: robustness [P12, P15], which should handle
all situations”, minimal code (P10) that is to-the-point” and
does not cause side effects” [P3]. Other factors included trust
in external dependencies and the code’s educational value.
Trust factors beyond the code were categorized as Personal
and Foreign Factors. P9, identifying as old school”, preferred
traditional methods like asking questions on Stack Overflow”
over trusting Al. Positive Prior Experience with the code
suggestion model also influenced trust [P7], aligning with prior
research [30], [46], [47]. As a foreign factor, task complexity
was noted by some participants [P12, P14, P16, P23, P27],
such as P16, who will use [the code suggestion] only for
simple things that did not require much thinking.”

Participants differ in their definitions of trustworthy code
and utilize various code characteristics to define what
makes a code suggestion trustworthy. Most commonly,
participants find a code trustworthy when it is function-
ally correct, comprehensible, and compatible with their
existing code base.

V. WHAT FACTORS DO DEVELOPERS USE TO ASSESS
TRUSTWORTHINESS? (RQ2)

A. Code Trustworthiness Evaluation

We observed that different code characteristics co-occurred
with varying scores of trustworthiness. In Figure 2, we list
these code aspects based on the trustworthiness of code
snippets with box plots showing the score distribution of
suggestions. The horizontal axis is the trustworthiness score,
and the vertical axis lists the code characteristics.

The most correlated code characteristics with high trust
were Common/Generic/Typical Code, Safe and Secure Prac-
tices, Educational Value, Testing, and Meeting Expectations
while Incomplete Code, Incorrect Code, Code-Doc-string Mis-
match, Risk Associated With A Decision, and Under De-
scriptive Doc-string showed strong correlations with lower
scores. The definitions for these codes are provided in detail in
the supplementary materials. To understand how significantly
differently the code characteristics influence trustworthy score,



TABLE IV
TRUST DEFINITION QUALITATIVE CODING RESULTS

Trust Di Factors Used in Trustworthiness Definition: Description [Participants Who Mentioned]

Testing: is tested or easily testable [P6,7,11,12,15,20,26,27,28] Expectation Match: matches the expectations of the developer
[P1,3,5,13,20,23,24,27]

Correctness Error-free: does not have errors or minimizes errors | Executable: runs successfully [P12,13,19,21]
[P10,19,21,22,25,26,28]
Peer Reviewed: is reviewed by other developers [P11,26] Precise/Accurate: is precise and accurate [P10]
Requirement Match: matches the task’s requirements [P6] -
Ease of Understanding: is easily understood by the developer | Comments: has adequate/good comments [P8,24,26]

. [P1,7,13,15,17,18,20,25,26,28]
Comprehensibility

Variable Naming: uses well-named variables [P8,10]

Simple Logic: has a simple logic [P2,3]

Transparent: is transparent to the developer [P13]

Code Familiarity: is familiar to the developer [P4]

Examples (I/0): provides input/output examples [P2]

Templates: serves as a good template/boilerplate [P14,16]

Maintainability: is easily maintainable [P22,26]

Maintainabili
aintainability Adaptability: is easily adaptable/changeable [P3,14]

Conventions Code Conventions: adheres to general code/style conventions | Project Conventions: follows project-specific conventions [P26,28]
[P22,27,29]
Similarity To Code | Similarity To Code Base: aligns with the existing codebase | Cohesive: is cohesive, similar to existing code [P29]
Base [P12,24,29]
Robustness Robustness: is robust to different conditions [P11,12] Corner Cases: handles corner cases effectively [P5,25]
Minimality No Side-effect: doesn’t introduce side effects to the code base | -
[P3,10,13,26]
Optimality Optimized: is optimized [P25,26,28] -
Improvement Improvement: improves an aspect of the code [P26] Educational Value: helps developers learn new things [P18]
Dependency 3rd Party Library: minimizes third-party library usage [P15] -
Referenceability References: has detectable training data references [P7] -

Foreign Factors

Task Complexity: is influenced by task complexity [P12,14,16,23,27]

Data Privacy Concerns: addresses concerns about data leakage [P3]

Code Complexity: is affected by code complexity [P29]

Project Size Matters: reflects the impact of project size [P3]

Personal Factors

Old School: developers prefer traditional approaches over Al [P9]

Positive Prior Experience: is influenced by past positive experiences [P7]

we perform an ANOVA across all characteristics, which re-
vealed a significant difference (F' = 6.05, p = 5 X 10_18)
indicating at least one of the characteristics are different. To
understand which pairs of characteristics are different, we
perform Tukey HSD [48] with an adjusted p-value for multiple
comparisons. We found that the impact of the five char-
acteristics with the highest means (Common/Generic/Typical
code, Safe and Secure Practices, Educational Value, Testing,
and Meeting Expectations) on trustworthiness is significantly
different from the impact of the five characteristics with the
lowest means (Under Descriptive Doc-string, Risk Associated
With A Decision, Code-Docstring Mismatch, Incorrect Code,
and Incomplete Code) (pqq; < 0.05). Detailed comparison and
significance tables are added in supplementary. Generic code
was associated with the highest median trust score of nine
out of ten, typically because “it’s a common function, and
it’s probable that it’s correctly generated automatically” [P5].
Notably, the lowest score this characteristic was observed with
was seven, suggesting that generic code tends to contribute
to participant trust positively. The second highest correlation
was with Secure Code; when an element “does not seem
unsafe” [P8] or the snippet showed “good error handling”
[P2]. Additionally, participants were more likely to trust “very
informative code snippets” [P6] as well as ones they would
“definitely test” [P6]. Out of the top five most positively
correlated characteristics, scores for codes that were Meeting
expectations had by far the largest Inter-quartile range (IQR),
with minimum, median, and maximum scores of 1, 7.5, and
10, respectively. While the code was sometimes rated higher
because it “clearly seems to accomplish the desired behavior”
[P13], participants sometimes also noted that they “do not fully

understand” [P17] other parts of the snippet.

Code snippets identified as incomplete or corrupted had the
lowest trustworthiness score. Participants became suspicious
when there were missing parts of the code, and that negatively
impacted their trust. For example, P3 said, “the fact that the
doc-string is incomplete make me very suspicious.” Similarly,
in cases when they found the code is incorrect, like P2,
who mentioned “It looks wrong. It returns true if any of the
name parts are longer than one character”, the trustworthiness
score dropped sharply. The trustworthiness score was also
low when the suggested code mismatched the doc-string.
For example, P1 said, “I don’t trust the code [because it]
actually doesn’t do what the description says..” Furthermore,
when participants evaluated code snippets for riskier tasks,
they were less trusting. As P1 said, “I wouldn’t trust any Al
for anything public-key-cryptography related, out of personal
experience.” In addition, descriptive doc-strings for the code
snippets confused participants about the intended functionality,
and that impacted their trust negatively. For example, P13 said,
“docstring are not very descriptive so I'm unsure what it does.”

Other code characteristics did not deterministically correlate
with trustworthiness. Some of them have a wider IQR for
trustworthiness. This means that the code snippets commented
with those characteristics, like Lack of Context and Incompre-
hensible Code, were scattered further apart on the spectrum.
Meanwhile, traits like Bug-prone and No Need for Al had
averages and medians near the middle, suggesting little to no
significant impact on trustworthiness.
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Fig. 2. Distribution of code snippets conditioned on code characteristics sorted
by the descending order of average. Green bars are top five distribution with an
average over 7, and red bars are bottom five those with an average lower than
3. Points are fliers, blue diamonds are means, and vertical lines are median.
The box also shows the boundaries for first and third quartile.

There were code characteristics that correlated highly
with high/low trustworthiness assessment. We found out
that Common/Generic/Typical Code and Safe and Se-
cure Practices deterministically correlate with trust most
strongly while Incomplete Code and Incorrect Code
deterministically correlate with distrust.

B. Definition Versus Assessment

Having identified the core characteristics correlated with
code trustworthiness during evaluations, we sought to under-
stand how the assessment process compared to the defined
criteria. Did participants use the same factors to assess code
trustworthiness as they did to define it?

We qualitatively coded participant comments on code snip-
pets using the RQ1 codebook. Figure 3 highlights the fre-
quency differences between factors used to define trustworthi-
ness and those used to assess it. Frequencies were normalized
by dividing each factor’s count by the total factors in the
respective coding sets. To understand the difference in the
distribution of the trust factors between assessment and defini-
tion, we performed a X2 test. The result (X2 = 36.64, df = 6,
p < 0.01) revealed a significant difference between factors
participants used during defining trustworthiness compared
to when assessing it. Since the count for certain factors in

assessment is zero, X2 leads to a p-value of 0. We replace
factor counts 0 with e — 0 to counter this. Although some
trust factors were common in both definitions and assessments,
certain factors were included in assessments but overlooked in
definitions and vice versa.

Similarity

Emm RQ; (Definition)

Robu
I RQ; (Assessment)

T T T T T T T T
-0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2 0.3
Percentage of frequencies per data source

Fig. 3. Trust factors sorted by sum of relative frequencies in participants’
definitions and assessments of trustworthiness. The blue bar represents the
relative frequency of each factor in trust definitions, while the orange bar
indicates its frequency in trustworthiness assessments.

Comprehensibility was the most frequent factor in partic-
ipants’ trust assessments, while Correctness, which was ini-
tially the most important in defining trust, was the second most
frequent. We conclude that while participants thought they
cared about Correctness when talking about trustworthiness,
what they were looking for is the Comprehensibility. Further-
more, while Dependency, Safety/Security, and Size were fre-
quently observed in participants’ assessments of code snippet
trustworthiness, they were ignored in participants’ definitions
of trustworthiness. Likewise, Maintainability, Similarity To
Code Base, Robustness, and Optimality are mentioned in
definitions but nearly never observed in the assessment.

Participants identified different factors when defining and
assessing trustworthiness. While Correctness was most
cited in definitions, Comprehensibility dominated assess-
ments. Factors like Dependency and Safety/Security were
considered in assessments but overlooked in definitions,
while Maintainability was often mentioned in definitions
but rarely assessed.

VI. WHY DO DEVELOPERS ALTER THEIR TRUST IN CODE
SUGGESTIONS? (RQ3)

Given the gap in the developers’ ability to evaluate charac-
teristics, we ask the following question:

A. How often do developers change trust decisions?

Across 10 observation sessions, participants generated 142
Al code suggestions. Participants initially accepted 82% (117)
and rejected the rest. We consider a suggestion to be “rejected”
if ignored. Of the 117 accepted, only 52% (75) remained in
the code base by the end of the sessions (60-90 minutes each).
Thus 48% (67) were ultimately not used—either immediately
rejected, changed, or later removed (Figure 4).



We found that participants frequently accepted a code
suggestion based on their perceived functional correctness
(61/117). Nine out of ten participants, all except OP6, used
testing to verify the correctness of the suggestions; for in-
stance, OP5 asked ChatGPT for a data parser and tested
it immediately before they accepted it. Others [OP2, OPS,
OP9] evaluated whether the code met their expectations. For
example, OP9, after requesting a detailed boilerplate from
ChatGPT, found the suggestion satisfactory, noting, “It looks
good; it covers most of the parameters.”

I Keep
75

Accept
Suggestion 117

142 I

Reject
25

Edit/Remove

Fig. 4. Flow of developer trust decisions during the coding sessions.

B. What causes altered trust?

The gap between the high acceptance and low retention
rates led us to investigate why developers trust particular
suggestions. Two authors labeled each suggestion instance
with trust factors extracted from RQ1 and RQ2. Here, we
define altered trust as instances where a participant makes
a trust decision they later change. To identify these, we
characterize pairs (z,y) such that = represents the factor for
which a suggestion was initially accepted, and y represents the
factor for which it was eventually edited/deleted. Our analysis
revealed three common reasons for altered trust.

(a) (Correctness, Correctness). In six instances, partici-
pants wrongly trusted (hereafter referred to as mistrusted)
the correctness of a suggestion. Participants initially trusted
a suggestion for its correctness but later discovered its flaws
upon further analysis. For instance, OP3 asked ChatGPT to
add a new tab to their application. The code seemed correct
after testing but later led to an error.

(b) (Correctness, Minimality). In seven instances, partici-
pants overlooked an aspect of Minimality when first trusting a
suggestion: They initially trusted it because it was correct but
later realized that it needed to be edited or removed because
it made unwanted changes. For example, OP8 accepted new
CSS for his application, but he realized it changed the screen
size, which he hadn’t asked for.

(¢c) (Blind, Correctness). We observed 13 instances where
participants “blindly” trusted suggestions that they eventually
had to modify or remove from the code base entirely. By
blindly accepting, we mean participants did not evaluate
code suggestions before accepting. Of those, eight required
modification because they were incorrect. We found that in
only four cases, “blindly trusted” code stays in the code base.

Despite the challenges, our participants remained receptive
to new code suggestions, even in the face of mistrust.

C. Attitudes about trust toward Al code suggestions

By asking some post-study interview questions, we wanted
to explore more about how prior positive or negative experi-
ences with Al affected developers’ overall trust.

For the negative experiences, we examined the trust factors
that led to acceptance and the reasons that they decided to
modify the code further. We asked participants about situations
where they felt confident in Al output, but it later turned out to
be wrong, and how that affected their trust. Most participants
(8 out of 10) reported that these negative experiences did
not significantly impact their overall trust in the Al. They
explained that they viewed Al suggestions as “guidance, not
a copy [source]” [OP1] or said, “I never blame the LLM; I
blame the prompt” [OP9]. This suggests that participants often
forgive errors, seeing them as part of the tool’s limitations
rather than reasons to distrust it.

In contrast, positive experiences with Al increased partici-
pants’ trust. Nine out of ten participants reported that their trust
grew after good experiences. They were impressed by Al’s
ability to write complete code from scratch [OP8, OP9], debug
[OP5], or resolve merge conflicts [OP6]. This enthusiasm
shows how positive experiences bolstered their trust in AL
When participants were dissatisfied with the code, they often
cited Comprehensibility [OP2, OP4, OP6] as a key factor.
OP4 noted that the output can be misleading because these
models “just make everything sound so confident and so rosy.
And, like, beautiful.” Dissatisfaction frequently stemmed from
issues with Correctness [OP1, OP2, OP3, OP4, OP5].

Participants showed a positive bias towards the LLM.
Their trust increases with good experiences but remains
unaffected by negative ones. They take decisions by the
Comprehensibility factor and edit because of Correctness.

Exploring the steps developers took to form their trust in Al
code assistants, we asked, “When you see a code suggestion,
can you think of steps you go through to decide whether to
accept/reject it?” Some participants, like OP6, focused only
on the size of the suggestion, avoiding anything “more than
100 lines”. Others, such as OP7 and OP9, said they prioritized
Correctness, with OP9 engaging in a back-and-forth dialogue
with the Al to resolve errors. Some participants had more than
one step to trust, evaluating comprehensibility first and then
checked for dependencies.

When considering the steps they go through to decide
whether to trust a code, some participants decide solely
based on Comprehensibility, Correctness, or code Size.
Others start with one of them and examine other factors
such as Dependency in the suggested code.

Finally, we note that the findings from the observation
study validate those from the survey presented in RQI and
RQ2. Consistent with the survey, we observed participants use
comprehensibility and correctness as the most common factors
when deciding which code to trust.



Initial Guideline Ratings
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Fig. 5. Impactfulness and Practicality Ratings of Initial Guidelines: G1:
Clarification, Go: Prioritize Code Quality, G'3: Evaluate Thoroughly, G,4:
Value Simplicity. Most participants rated the guidelines as very or extremely
impactful and practical.

VII. GUIDELINES FOR IMPROVING TRUSTWORTHINESS

We gathered four initial guidelines to help developers assess
code trustworthiness and validated them with a survey of seven
experts and eight original survey participants. The guidelines
were rated as “very reasonable” [M8] by most, with many
finding them impactful and practical (Figure 5). Participants
suggested ways to enhance their application and design, lead-
ing to improved guidelines, which are detailed in this section
(original guidelines are in the supplementary materials).
G1—Double-Sided Clarification: Using structured prompts
and precise language to define desired functionalities, reduc-
ing ambiguity and minimizing revisions—by using templates
like “Consider these requirements: [R1], [R2]...”. We found
participants with clear requirements changed their code 22%
less than those without. Developers should understand their
software specifications, which is a standard expectation even
without Al assistance. Al assistants can, in turn, ask clarifying
questions to address ambiguities based on software specifica-
tions [49]. This helps by providing the problem context and
generating more relevant code suggestions.

Application. Developers can explicitly define key require-
ments (function structure, expected outputs, data flow based
etc.) in their prompts. Structured prompt frameworks such
as EARS [50] or tools like DOORS [51] for feeding the
code context can help organize these detailed specifications
[EXP6]. Additionally, chain-of-thought reasoning [52] and
logic verifiers can assist in evaluating whether the generated
code matches high-level specifications [M4].

Design Opportunities. Developing prompt engineering
techniques like adaptive templates [53] tailored to the specific
project requirements can improve Al interactions. Tools can
be designed to allow real-time refinement of prompts, e.g.,
LLMs asking clarifying questions during code generation.
Additionally, integrating methods such as program analysis
[54] [M6, M7], adding contextual project data through RAG,
and developing a requirement coverage assessment mechanism
[EXP6] can help improve interactions.

G—Prioritize Code Quality Preferences: Defining prefer-
ences for key code qualities—like comprehensibility, perfor-
mance, and style—before engaging with Al code assistants
is important. While functional requirements like correctness
are commonly accounted for, specifying non-functional pri-
orities helps evaluate suggestions and reduces revisions. For

example, comprehensibility may be essential during the early
exploratory coding phase [14], whereas maintainability may
take precedence in the later post-deployment phases.

Application. Explicitly stating preferences in prompts—for
example, requesting “readable code with comments and de-
scriptive variable names” when comprehensibility is key helps
ensure the generated code meets the desired criteria. They
could request generated code to be compliant with specific
coding guidelines, like MISRA-C [EXP2]. This guideline can
be applied not only when prompting but also when evaluating
that Al-generated code throughout the development cycle.

Design Opportunities. Incorporating software metrics, like

Halstead metrics [25], alongside traditional NLP metrics
[EXPS] into training or fine-tuning code-Al assistants can
provide additional feedback for code generation. Creating
tools for detecting code smells [EXP6], performing static
analysis [55] [EXP2, M7], and comparing implementations
using fuzzing technics [56] [EXP4] can further manage code
quality. SMT solvers and memory checkers can improve the
security of Al-generated code [EXP2].
G3—Evaluate Thoroughly: Blindly accepting Al-generated
code suggestions can lead to significant issues that require
time-intensive fixes. This may occur when developers suspend
critical thinking [18] due to anthropomorphizing such tools
[57] or automation bias [58]. By treating Al-suggested code
with skepticism [EXP2]—as contributions from an external
source rather than self-authored—developers can identify and
address potential flaws early, reducing redundant work and
preventing the propagation of errors.

Application. Developers should treat Al-generated code
skeptically (as with code from a third-party source) and
apply thorough evaluation before acceptance. They should
run thorough unit tests to verify correctness, especially for
complex or high-risk implementations. Requesting chain-of-
thought explanations can also clarify the logic behind Al
suggestions, improving understanding, performance, and trust.

Design Opportunities. Future tools that help detect high-
stakes scenarios and automatically generate unit tests to
prevent edge case bugs can assist with evaluation. These
tools can create test cases based on prompts before produc-
ing code. Current LLMs behind code-assistants show errant
behavior when prompted with how epistemic markers for
uncertainty [59]. Investigating how LLMs can understand and
express uncertainty when the model is less confident [60]
can help developers avoid over-trust and reliance, especially
when the code is incorrect [M4]. Mechanisms for flagging
security-critical or performance-intensive suggestions would
help developers focus their evaluation efforts [M7].
G4—Value Simplicity: Minimal and straightforward code is
more reliable and easier to maintain. However, generative
Al models often produce excessive code, adding unnecessary
functions, variables, or modules that can conflict with require-
ments or introduce bugs [61]. Extra code increases the risk of
redundancy, technical debt, and complications in future devel-
opment with undefined elements, like hallucinated functions or
variables. While prioritizing simple code is essential, avoiding




overly simplistic metrics, like lines of code, is important as
they are poor proxies for true simplicity [M6]. We also found
that participants preferred simpler Al-generated code

Application. Developers should evaluate Al-generated code
for unnecessary features to prevent future issues like feature
creep. If extra features are necessary, specific tests should be
created to validate them [M8]. Any undefined entities, such as
functions, variables, or libraries introduced by the Al, should
be verified for accuracy and hallucination [EXP3].

Design Opportunities. Future tools should aim to reduce
verbosity in code generation by identifying and removing
unnecessary features [MS8]. Reflection techniques like self-
correction systems and self-consistency checks could evaluate
outputs against the original prompt, ensuring no extra features
or dependencies are added [M1]. Tools to map prompt re-
quirements to specific code sections can further improve the
traceability of added functionalities [EXP2].

VIII. DISCUSSION
A. Leniency towards Al

In our study, while 82% of code suggestions were accepted,
only 52% remained in the codebase unchanged. This high
acceptance rate shows that developers try to work with Al
suggestions, even when incomplete or imperfect. This toler-
ance differs from human pair programming, where a 48%
error rate would be unacceptable for any software engineer
[62]. Developers’ trust in Al code assistants increases with
good suggestions, as found in post-study interviews. The
forgiving attitude may be because of automation bias, which
stems from a lack of understanding of the inner workings of
language models. Such bias could lead to over-trusting the
model’s suggestions, prompting developers to accept bad code.
Further research into the effect of bias on how developers
trust AI models is needed to integrate Al sustainably into the
software development workflow. Additionally, tools that track
the longitudinal effectiveness of the factors used for assessing
the trustworthiness of suggestions help developers improve
their trust over time.

B. Statistical and Quantitative Models of Trustworthiness

Automatically filtering out trustworthy code suggestions
requires quantifying trust. One approach is to generate a
statistically valid ‘trust” score associated with each code
snippet. We can achieve this using statistical guarantees that
provide a quantified measure of confidence in a machine
learning model’s performance [63]. For a given error tolerance
5 € (0,1), these guarantees ensure that Prob(r = Rs) = 1—4
where r is the property of interest and R is a lower bound
for this property.

One technique that can provide such a statistical guarantee
to assess Al code assistants’ trustworthiness is conformal
prediction [64]. Let r represent the trustworthiness of a code
suggestion. Conformal prediction uses a calibration dataset of
trust scores from n code suggestions, denoted by 1, «++, 7, (as-
suming 71, ..., 7, are independent and identically distributed).
As a preliminary result, in our study, we used user-provided
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trust scores from the survey as r;s, where n = 57. For 6 = 0.1,
Rs is computed as 0.25. This suggests that any generated
responses would have a trustworthiness score above 0.25
with a 90% probability. As this value gets higher, the model
is considered more trustworthy. However, obtaining expert
ratings is challenging for applying such a model. Unlike other
aspects of LLMs’ output, such as fairness [65], measuring
trustworthiness is not straightforward. Therefore, new models
should incorporate quantitative trustworthiness measures using
proxies like correctness or other relevant software metrics.

C. Implications, Future Work, and Design Opportunities

Our findings and guidelines provide practical implications
for developers, future research directions, and opportunities
for tool builders to improve developer-Al trust dynamics.

Implications using generative AI. Our guidelines outline
strategies for developers to improve interactions with Al code
assistants. Emphasizing prompt clarity, evaluating code proac-
tively, and favoring simplicity can improve the development
process and reduce revisions. Developers must be aware of
anthropomorphism bias (the tendency to ascribe human-like
characteristics to things), reminding themselves that LLMs
are merely tools and prone to hallucination. Managers can
encourage developers to adopt project-specific templates to
clarify requirements in prompts. Organizations should encour-
age placing specific tests/linters to check for common issues
with Al-generated code (e.g., redundant code, dead code).

Future research for improving developer-Al interac-
tions. In this study, we observed developers interacting with
Al models during a one-hour session, allowing us to ana-
lyze short-term trust dynamics. In future research, we will
extend these observations over longer periods to study how
trust evolves and converges to specific approaches and usage
patterns. Our study found that developers struggle to assess
some code characteristics (e.g., maintainability, robustness)
that are hard to assess on the fly. While software engineering
research on maintainability or robustness has generated many
verified metrics/estimations, they require analyzing the full
codebase or running heavy computations. As developers adapt
smaller snippets of Al-generated code, researchers can help
identify how such characteristics can be estimated for small-
sized snippets. Finally, further research is needed to investigate
how user demographics like age, experience level, education,
project types, and cultural background impact developers’
trust. Automatically identifying personal trust factors and
preferences can help tailor AI code assistants to provide
suggestions that align with individual needs and trust levels.

Opportunities for Code-Al Tool Builders. Our results and
guidelines indicate challenges and opportunities in building
trustworthy human-Al interactions in software development.
Our four guidelines G; — G, outline the specific needs of
Al-code assistant models and researchers. Additionally, par-
ticipants mentioned that adjusting the interaction level based
on task complexity helps improve trustworthiness. For more
complex tasks, iterative clarification questions could provide



more contextual suggestions, a similar approach explored for
non-code tasks in [66].
D. Trustworthy Code Generation and Trusted Al

TABLE V
ALIGNMENT OF FINDINGS WITH EXISTING WORK

[Alignment] Comparison Domain

v Correctness is critical for trust among developers. TAI  [67]-[69],
Matches how Autonomous systems’ reliability and accu-  HAI [70],
racy are core trust indicators. MedAl [71]

v Comprehensibility was crucial among developers, TAI [72], [73],
similar to how trust is tied to explainability, transparency, — MedAlI [74]

and interpretability in Al systems.

v Generic code boosts trustworthiness, aligns with  TAI [75]-[77]
familiarity, consistency, and similarity with prior outputs,

enhances trust in Al

X Safety and security is overlooked in trust definitions ~ TAI [78]-[80]
but they are key to Al trustworthiness.

X Referenceability is not prioritized by developers  TAI [81]-[86]

whereas citing sources is known to improve trust through
traceability and accountability.

TAI: Trusted Al, HAI: Human-Al Interaction, MedAI: Medical Al

While previous research in trustworthy Al and autonomous
systems has concentrated mainly on enhancing AI’s reliability
and transparency, our work focuses on the user’s perspective
of assessing trustworthiness, specifically within software engi-
neering. In this domain, trust dynamics remain underexplored.
We found maintainability and similarity to codebase (RQ?2)
to be vital trust factors unique to software developers’ trust
dynamics. We also observed other unique characteristics de-
velopers use to decide the trustworthiness of code (RQ1), like
educational value in code snippets (similar to [30]), reasonable
dependency, unused variables, and code-docstring mismatch.
This section compares our findings with related findings in
AT and autonomous systems research (See Table V, ¥ shows
alignment and X shows contrast).

Alignment. Researchers in Al emphasize critical model
qualities like reliability [67], [68] and accuracy [70], [71] as
trust indicators similar to how developers in our study iden-
tified correctness as a trust factor [RQ1,2,3]. Al researchers
show that the transparency of models improves trust as users
can validate decisions [72], [74]. Our participants similarly
prioritized the comprehensibility of the suggested code, using
it as a proxy for transparent communication [RQ1,2,3]. Al
researchers also found that familiarity with outputs [75],
consistency [76], and similarity to previous experiences [77]
enhance trust in Al interactions. This aligns with our observa-
tions that generic code snippets, likely familiar to participants,
significantly boosted trustworthiness scores [RQ?2].

Contradiction. One critical contrast is the prioritization of
safety and security. Whereas Al ethics research highlights
these as essential aspects of trustworthiness [78]-[80], devel-
opers in our study did not emphasize these aspects when defin-
ing trustworthy code [RQ2]. Additionally, Al tool development
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cites sources for their outputs to enhance trustworthiness [81],
traceability [82], [86] and accountability [83]-[85]. However,
we found referenceability (e.g., including citations) less im-
portant to developers in our study [RQ2].

IX. LIMITATIONS

Our study explores the cognitive process of trust in Al
through rich qualitative insights. Like any qualitative study,
it has some limitations. However, with 29 survey participants,
10 in the observational study, and 15 in expert checking, our
participant count is comparable to or exceeds recent work [87],
[88]. In our survey with 29 participants, we collected 486
trust ratings and comments on 200 code snippets. In the
observation study with 10 participants, we analyzed 142 trust
decisions. This variance allows us to conclude findings about
how developers determine a code to be trustworthy. However,
we acknowledge the limitations of our study in drawing
definitive conclusions about inter-developer behavior patterns
or the influence of developers’ personalities on trust dynamics.

We made design decisions to scope our study to a feasible
size. Therefore, our survey focused only on Python code,
and the 60-minute observation session allowed us to observe
only trust mechanisms within that time. To address these
limitations, the observation study’s findings (with participants
using Python, JS, and HTML/CSS) triangulate with those from
the survey, where participants had no time limit. Additionally,
participants in the observation session used side-projects or
backlogged code, which may not reflect the complexity of
real-world product code. Future studies should explore trust
mechanisms in organizational code as well.

X. CONCLUSION

This paper investigates how developers define, evaluate, and
revise their trust in Al-generated code suggestions. Our mixed-
methods study, including a survey (n=29) and an observation
study (n=10), shows that trust is primarily based on correctness
and comprehensibility, with maintainability also playing a role.
However, developers lack tools to assess maintainability in
real-time. We also found that developers often alter their trust
decisions, keeping only 52% of the original suggestions. Based
on these findings, we propose four guidelines to improve Al-
developer interactions, which were validated by experts. These
insights can inform the design of better Al code assistants and
tools for human-Al pair programming.
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