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Understanding Prompt Quality and Its Relation
to LLM-based Code Generation
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Abstract—Prompt engineering has emerged as a key practice to guide Large Language Models (LLMs) in code generation tasks,
under the assumption that better prompts yield better outputs. Yet little is known about which characteristics of prompts actually drive
variations in output quality. In this paper, we take a first step toward addressing this gap by investigating how measurable properties of
prompts relate to the quality of generated code. We conducted an empirical study of real-world, single-turn interactions between
developers and ChatGPT collected from GITHUB. Prompts were characterized along readability and structural dimensions, while
output quality was measured as the conceptual consistency to committed code, perceived usefulness, and correctness. Regression
analysis shows that readability metrics are strong predictors of usefulness and correctness, whereas structural features such as the
number of sentences and task type significantly affect conceptual consistency. Overall, our findings provide evidence that prompt
quality is multi-dimensional and that measurable readability-related and structural prompt properties can serve as indicators of the
correctness, usefulness, and conceptual consistency of LLM-generated code in software engineering.

Index Terms—Prompt Quality; Prompt Engineering; Empirical Software Engineering; LLM; Generative AI.
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1 INTRODUCTION

LARGE LANGUAGE MODELS (LLMs) are reshaping soft-
ware engineering, powering tasks from code genera-

tion [1], [2] and summarization [3], [4] to code review, de-
bugging, and testing [5]–[11]. Despite these advances, LLMs
may threaten software quality, particularly in code genera-
tion [12]. Recent studies show that they can (i) hallucinate,
producing code that diverges from developers’ intent [13];
(ii) inject security weaknesses into otherwise correct-looking
programs [14]; and (iii) reduce code quality and maintain-
ability [15], [16], raising concerns about software quality
assurance in development workflows [17]–[24]. These issues
may arise either from the stochastic nature of LLMs and
their training data [25], [26], or from the formulation of
prompts, i.e., the requests provided by developers [27], [28].
This latter has received increasing attention under the label
of prompt engineering, i.e., the study and practice of crafting
prompts to guide LLMs toward more accurate and reliable
outputs [29].

Much of the existing research in this field has focused
on the effectiveness of prompting strategies, proposing ap-
proaches such as prompt patterns [30], iterative refinement
methods [31], and reasoning-oriented techniques [32]. These
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studies provide valuable evidence that prompt design mat-
ters, yet they typically assess quality indirectly, by evaluating
whether a given strategy improves task outcomes. This
pragmatic perspective is useful: much like software testing,
it reveals whether a specific input works under particu-
lar conditions. Nonetheless, current approaches consider
prompt quality only through outcomes, treating it as a by-
product of output evaluation rather than a construct with its
own measurable characteristics. As a result, the intrinsic
properties of prompts themselves remain underexplored.
This leaves open a more fundamental issue: What, in itself,
makes a prompt “good”? Without a principled understanding
of this concept, it is hard to know whether existing strategies
truly optimize the aspects of a prompt that matter for model
performance, to develop systematic methods for improving
prompts beyond trial-and-error, or to compare alternative
strategies on common grounds. As such, the lack of a
principled notion of prompt “goodness” represents a key
gap in current research. In this paper, we take a first step
toward addressing this gap. Our conjecture is that, since the
ultimate goal of a “good” prompt is to produce a “good”
output, its definition should be based on the idea that any
measure of prompt quality must at least correlate with
variations in the final output quality of LLMs.

◎ Objective of the Work

Building on these considerations, this paper presents an
empirical investigation aimed at identifying prompt-
related metrics that correlate with variations in the
quality of code generated by LLMs. Our ultimate ob-
jective is to determine which characteristics can serve as
candidates for defining a more concrete set of measures
for prompt quality.
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To this end, we focused on code generation for mainte-
nance and evolution tasks and constructed a novel dataset
capturing interactions between developers and LLMs on
GITHUB. We then identified and refined a candidate set
of prompt quality metrics, organizing them along two di-
mensions: the readability of the request and its structural
characteristics (e.g., the type of task performed and the
composition of the prompt). Output quality was assessed
using both similarity to developers’ final code [33] and the
ICE-Score [34], a metric known to align closely with human
judgments. Finally, we analyzed the relationship between
prompt metrics and output quality using regression models.

Based on our analysis, we found that the considered
prompt quality metrics do indeed influence LLM outcomes,
but their effects vary across dimensions of quality. Structural
features were linked to the similarity between generated
and developer-adapted code, while readability emerged as
the strongest predictor of both usefulness and correctness.
Other aspects, such as vocabulary richness and task type,
showed only limited or inconsistent associations. These
findings suggest that readability and structure in prompts
are central to shaping the quality of LLM-generated code,
providing initial evidence toward a more principled under-
standing of prompt quality.

To sum up, our article provides four main contributions:
1) A set of prompt quality metrics, elicited through a

structured, multi-stage process involving experts, and
organized along two dimensions: readability and struc-
tural characteristics;

2) An empirical study showing that prompt metrics cor-
relate with variations in LLM-generated code quality;

3) A dataset of developer–LLM interactions for main-
tenance and evolution tasks, enabling the study of
prompt quality in realistic scenarios;

4) A publicly available replication package [35], which
supports reproducibility and further research.

2 RELATED WORK

Our paper is related to prior research on prompt quality and
applications of LLMs for software engineering (SE), which
we discuss in the following subsections.

2.1 Prior Research on Applying LLMs to SE
Since the advent of LLMs, there has been a strong interest in
their application to SE tasks. Research has investigated code
generation for domain-specific languages such as Ansible
and Kubernetes configuration scripts [1], [36], for object-
oriented programming [2], [37], and for tasks like code
summarization and specification generation [3], [4], [38]–
[40]. Beyond generation, LLMs have been applied to quality
assurance, including code review [5], automated debug-
ging [6], testing [7], [8], static code analysis [41], configu-
ration validation [42], and detection of security or reliability
issues [43]–[45]. Another active line of work has focused
on bug-related tasks, including localization [46], [47], re-
pair [48], [49], and replay [50]. Complementary studies have
examined developer perceptions of LLMs [51]–[53] and their
role in supporting reproducibility of SE research [54].

Another line of research is that of Lambiase et al., who
investigated various factors associated with the adoption of

LLMs by software engineers [55], [56] and provided a com-
prehensive literature review on their use in conversational
form [57]. Similarly, Tavantzis et al. conducted research
focusing on how LLMs are adopted and for which specific
purposes, trying to provide an empirically-grounded frame-
work contribution [58], [59].

More focused on the prompt side, Jishan et al. [60]
surveyed practitioners on the impact of user experience
and prompt characteristics, finding that users tend to prefer
results from longer and more structured prompts. This ob-
servation informed our catalog of metrics, which explicitly
includes prompt length to test whether this perception holds
in practice. Similarly, Fang et al. [61] introduced PCQA,
a framework that treats prompts as conditioning factors
when evaluating AI-generated content. Although their work
focuses on multimodal generation, the underlying princi-
ple–that prompt characteristics play an important role in
shaping output quality and should therefore be incorpo-
rated into its assessment–aligns with our motivation of
treating prompt characteristics as measurable variables and
empirically studying their relationship with output quality.

2.2 Prior Research on Prompt Analysis

Prior studies have examined how different aspects of
prompt design influence LLM behavior in software engi-
neering and beyond. Rawte et al. [62] linked hallucination
rates to linguistic nuances such as readability, formality, and
concreteness, showing that small stylistic differences can
affect reliability. Santana Jr. et al. [63] evaluated prompt-
ing techniques (e.g., zero-shot, few-shot, decomposition,
self-criticism) across multiple SE tasks, revealing that both
strategy and language characteristics shape solution quality.
Puerto et al. [64] showed that code-oriented prompting
can elicit conditional reasoning in text-plus-code models,
underscoring the role of structure in guiding depth of
reasoning. Karmaker and Feng [65] proposed a TELeR, a
general-purpose taxonomy for prompt design based on four
properties, i.e., turn, expression, level of detail, and role,
later applied in SE tasks such as test case generation [66],
[67]. While such taxonomies provide a valuable concep-
tual framework for describing how prompts are structured,
several of their dimensions (e.g., level of detail or role)
rely on qualitative and context-dependent aspects, such
as sub-task decomposition or evaluation criteria, that are
not directly operationalizable as quantitative variables and
would require manual annotation or heuristic encoding.
Moreover, TELeR explicitly models multi-turn interaction
settings, whereas our study focuses on single-turn prompts
to isolate the effect of prompt characteristics on output qual-
ity and avoid confounding factors introduced by iterative
interactions. For these reasons, we select a set of prompt-
oriented metrics that are (i) compatible with single-turn
interactions and (ii) fully operationalizable and automati-
cally measurable, enabling large-scale empirical analysis of
their impact on output quality in code generation tasks.
Finally, Zhan et al. [68] highlighted the lexical sensitivity
of LLMs, where minor lexical variations can produce dis-
proportionately large differences in output quality. Overall,
these studies establish that prompt design tangibly affects
model behavior. The dimensions they explored, such as
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readability, lexical variation, and prompt patterns, informed
our design and are directly operationalized as variables
in our study. Building on these works, our contribution
moves beyond individual case analyses toward a structured,
metrics-based investigation that systematically quantifies
how prompt characteristics relate to multiple dimensions
of output quality.

2.3 Prior Research on Evaluating LLM-Generated Code

A complementary line of work focuses on how the quality of
LLM-generated code is assessed, providing direct insights
for the selection of output quality metrics. The literature
converges on three broad families of evaluation approaches.
The first relies on execution-based correctness, where gen-
erated code is run against test suites to verify functional
behavior; representative examples include HumanEval [12]
and BigCodeBench [69], which have become de facto stan-
dards for benchmarking code generation. The second family
adopts similarity-based metrics, where generated code is com-
pared against a reference (typically human-written) using
lexical or embedding-based measures; cosine similarity over
learned representations [33] is a widely adopted instance,
valued for its insensitivity to surface-level differences in
length or naming. The third family encompasses human-
centered and judge-based evaluations, which capture qualitative
dimensions that execution and similarity cannot, such as
perceived usefulness, readability, and alignment with de-
veloper expectations; this includes empirical studies on de-
veloper perception [51], [52] and, more recently, LLM-as-a-
judge approaches [70] such as the ICE-Score [34], which has
been validated against execution-based correctness across
multiple programming languages. These three families are
complementary rather than mutually exclusive: each cap-
tures a distinct facet of what it means for generated code to
be “good”.1

� Research Gap

Researchers have not yet fully addressed how
readability-related and structural properties of prompts
translate into concrete software quality outcomes. Prior
work has shown that such properties influence model
behavior, but systematic, metrics-based evidence on
their relationship with correctness, usefulness, and sim-
ilarity of generated code is still lacking.

3 OBJECTIVE, VARIABLES, AND RESEARCH
QUESTIONS

The objective of this study is to identify prompt-related
metrics that correlate with the quality of code generated

1. As described in more detail in Section 4.2, this observation directly
informed our study: rather than selecting a single evaluation paradigm,
we operationalized output quality through three dimensions that draw
on all three families: conceptual consistency, computed via cosine simi-
larity to capture alignment with developer intent; usefulness, capturing
the practical value perceived by developers; and correctness, capturing
functional adequacy. The use of ICE-Score for the latter two reflects
a deliberate methodological choice, as it provides a deterministic,
reference-free judgment that scales to a dataset of developer-authored
prompts where execution-based testing of arbitrary code is not feasible.

by LLMs. This section presents the conceptual foundations
of the study: the elicitation of prompt-quality dimensions
and candidate metrics, the conceptualization of the resulting
constructs, and the formulation of the research hypotheses.
As a first step toward this objective, we had to elicit a
candidate set of prompt-related metrics that could plausibly
correlate with the quality of LLM-generated code. Such an
elicitation process was grounded in a two-phase structured
procedure, overviewed in Figure 1. This section presents the
conceptual foundations of the study.

Phase 1: Four-Day Workshop. From December 2 to 5, 2024,
five of the authors of this paper participated in a four-day
Shonan Meeting on “Anti-patterns and Defects: Synergies,
Challenges, and Opportunities”,2 which focused on re-
shaping the concept of software quality in the era of LLMs.
The event gathered about 25 internationally recognized
researchers in software quality and AI-enabled systems.
The workshop was organized around discussion-driven
sessions, where participants rotated through small focus
groups to generate innovative ideas. These results were
subsequently shared and refined in plenary exchanges.
Within this setting, the focus group involving the authors
held three one-hour sessions where they developed a
preliminary study design, iteratively improved through
feedback from the other attendees. Building on this, the
group also drafted a candidate set of prompt-quality
metrics, i.e., the prospective independent variables of the
study, and prompt-output indicators, i.e., the prospective
dependent variables. In addition, they defined inclusion
and exclusion criteria to guide their evaluation. These
criteria were defined to ensure that the selected vari-
ables (both prompt-quality metrics and prompt-output
indicators) were (i) coherent with each other, (ii) non-
overlapping, and (iii) diverse enough to capture com-
plementary perspectives. Both the initial metrics and the
criteria were further refined through plenary discussion.
As a result, we obtained a consolidated study design,
which forms the basis of this submission, along with a
preliminary catalog of candidate prompt-quality metrics
and a set of criteria to guide subsequent refinement.

Phase 2: Discussion and Refinement. Building on the pre-
liminary catalog of candidate metrics and the inclu-
sion/exclusion criteria defined during the workshop, the
authors organized a series of five bi-weekly meetings be-
tween February and May 2025. Each meeting, held online
via GOOGLE MEET due to the geographical distribution of
participants, lasted about one hour and focused on itera-
tively reviewing and refining the metric set. A shared doc-
ument, available in the replication package [35], served as
the central platform where new proposals were recorded
and debated. Throughout this phase, the initial set of cri-
teria was retained without changes, as it was collectively
deemed sufficiently robust to guide the selection process.
Metrics were systematically assessed against these crite-
ria, and those failing to meet them were excluded. To
further increase confidence in the metric set, the team
complemented the expert-driven elicitation process with a
literature-informed assessment of candidate metrics. The

2. Shonan Meeting No. 207: https://shonan.nii.ac.jp/seminars/207/.

https://shonan.nii.ac.jp/seminars/207/
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Fig. 1: Independent and Dependent Metrics Elicitation Process.

goal of this activity was not to conduct a full systematic
literature review, but rather to ensure that the selected
metrics were grounded in recent peer-reviewed research
and reflected dimensions already discussed in the emerg-
ing literature on prompt engineering, LLM evaluation,
and AI-assisted software engineering. More specifically,
the fifth and sixth authors independently explored recent
peer-reviewed literature following a shared lightweight
scoping-review protocol [71]. Consistent with these guide-
lines, the process involved four main activities: (i) identifi-
cation of the evidence sources, (ii) screening and selection
of relevant studies, (iii) data extraction, and (iv) synthesis
of the extracted evidence. For the identification phase,
rather than performing a broad database-driven search
based on generic keywords - which, given the breadth
and rapid evolution of the area, would have produced
a very large and potentially noisy set of results - we
adopted a venue-driven screening strategy centered on
flagship publication venues in Natural Language Process-
ing and Software Engineering. The selected venues were
manually screened by inspecting the proceedings and
papers published in the considered timeframe. During
the screening phase, papers were evaluated according to
explicit inclusion and exclusion criteria aligned with the
objectives and methodological constraints of our study. In
particular, studies were included if they: (i) investigated
prompt characteristics, prompt engineering strategies, or
evaluation of LLM-generated artifacts; (ii) proposed or
employed measurable prompt-related variables; and (iii)
relied on metrics applicable without dynamic code exe-
cution, consistently with our focus on prompt-oriented
and execution-independent properties. Conversely, pa-
pers were excluded if they focused exclusively on model
architectures, training procedures, benchmark construc-
tion without prompt analysis, or evaluation approaches
requiring execution-based validation only. For the data
extraction phase, the authors collected candidate met-
rics, their definitions, and their operationalizations from
the selected studies. Finally, during the synthesis phase,

the extracted evidence was discussed in the bi-weekly
meetings, where the full author team jointly evaluated
the relevance, scope, redundancy, and applicability of the
identified metrics with respect to the evolving candidate
metric set. The exploration covered major venues in both
Natural Language Processing and Software Engineering,
including the Conference on Empirical Methods in Nat-
ural Language Processing (EMNLP), the Annual Meeting
of the Association for Computational Linguistics (ACL),
the North American Chapter of the Association for Com-
putational Linguistics (NAACL), the International Confer-
ence on Learning Representations (ICLR), the ACM/IEEE
International Conference on Automated Software En-
gineering (ASE), the International Conference on Soft-
ware Engineering (ICSE), the ACM International Confer-
ence on the Foundations of Software Engineering (FSE),
IEEE Transactions on Software Engineering (TSE), ACM
Transactions on Software Engineering and Methodology
(TOSEM), and Empirical Software Engineering (EMSE),
covering publications from 2024 and 2025. These venues
were selected because they are broadly recognized as
flagship publication venues in NLP and Software En-
gineering and regularly publish peer-reviewed research
on prompt engineering, LLM evaluation, generative AI
systems, and AI-assisted software development. The two
explorations were complementary in scope. The NLP-
oriented exploration focused on prompt characteristics
and evaluation metrics applicable without dynamic code
execution, yielding five publications that informed the
selection of readability- and structure-related metrics. In
parallel, the SE-oriented exploration focused on studies
involving LLM-generated natural-language artifacts and
their evaluation in contexts where execution-based val-
idation is not feasible. This complementary exploration
identified one additional study proposing measurable
properties for evaluating generated textual artifacts, sev-
eral of which were subsequently incorporated into the
refinement process. Although the exploration identified
additional discussions on prompt engineering and LLM
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evaluation, we did not observe additional measurable
metrics beyond those ultimately retained in our final
metric set. This increased our confidence that the selected
variables adequately capture the most commonly investi-
gated and operationalizable dimensions of prompt quality
discussed in the recent literature.

The two-phase methodological process was designed to
elicit a principled set of candidate metrics for assessing
prompt quality. We acknowledge that prompt quality is a
broad and rapidly evolving construct, and therefore, ab-
solute completeness cannot be claimed; this would hold
even in the case of a systematic search, given the fast-
moving and exploratory nature of prompt engineering and
LLM research. Nevertheless, the combination of an expert-
driven elicitation process, explicit inclusion and exclusion
criteria, and iterative refinement until saturation increases
our confidence that the selected metrics adequately capture
the most salient and diverse dimensions relevant to code
generation. Future work may expand this catalog as the
research community converges on additional perspectives.
To support such efforts, the replication package includes the
artifacts produced during the refinement process, offering a
basis for further augmentation of the catalog and replication
of the study [35]. In total, 15 prompt quality metrics and
4 output quality metrics were initially discussed. During
the process, these were refined into a final set of 8 prompt
quality metrics and 3 output quality metrics, which are
presented in the following sections.

3.1 Dependent Variable—Characterizing the Quality of
the Output
Based on the two-phase process just described, we op-
erationalize output quality through three complementary
dimensions: conceptual consistency, usefulness, and correctness.

Conceptual consistency. We define conceptual consistency
as the degree to which the code generated by the LLM is
reflected in the developer-adapted code that was commit-
ted on GitHub. The notion is adapted from the concep-
tual coherence of classes in object-oriented programming,
which measures how well the elements of a class relate
to a single, unified concept. More specifically, this dimen-
sion captures whether the generated and the developer-
adapted code share the same underlying concepts and
functionality, beyond surface-level textual or syntactic
similarity. Prior research emphasizes that alignment be-
tween generated code and developer intent is essential
for practical adoption. For example, Fang et al. [61] high-
light that prompts condition the evaluation of generated
content, underscoring that semantic alignment is a critical
measure of quality. Similarly, studies on LLM-assisted
programming tasks (e.g., code generation [2], [37] and
code repair [48], [49]) show that developers prefer out-
puts that closely match their expected implementation,
as this reduces integration effort and accelerates work-
flows. Moreover, recalling our initial consideration, it is
reasonable to assume that a greater similarity between the
two codes, i.e., generated and developer-adapted, reflects
a greater ability of the LLM to meet the user’s initial
desires. Thus, we adopt semantic similarity as a proxy for
alignment with user intent. To operationalize this notion

of similarity, we adopt cosine similarity [33], a widely
used metric in software engineering and natural language
processing for capturing semantic closeness between arti-
facts. Cosine similarity is particularly suited here because
it accounts for the overlap in terms while being insensitive
to differences in code length. This property makes it a
suitable proxy for comparing generated and developer-
adapted code, where implementations may differ in size
since developers may refine LLM outputs to meet the
specific contextual demands of their systems.

Usefulness. Jishan et al. [60] found that practitioners’ sat-
isfaction depends not only on accuracy but also on how
applicable and usable outputs are in context. This observa-
tion aligns with findings from perception studies [51], [52],
which report that developers often judge outputs based
on their ability to provide actionable help, even if the in-
formation is incomplete or approximate. We therefore in-
clude usefulness as a core dimension of quality, capturing
the practical value of outputs beyond their formal correct-
ness. In our work, this characteristic was operationalized
using the ICE-Score [34], an LLM-as-a-judge approach [70]
in which a model evaluates usefulness directly from the
task description and the generated output. In this respect,
an important consideration concerns the accuracy and
reliability of the adopted evaluation approach. ICE-Score
is explicitly designed to minimize hallucination and bias,
unlike naı̈ve LLM-as-a-judge approaches. It enforces de-
terministic inference by setting the temperature parameter
to 0, uses fixed, explicit evaluation criteria, and relies on
a structured decision template, thereby constraining the
model to a bounded-scoring task rather than open-ended
generation. In addition, it operates in a reference-free
manner, preventing bias toward specific solutions or su-
perficial similarity. Its validation [34] demonstrates a cor-
relation with human preference and execution-based cor-
rectness across several programming languages and tasks,
providing strong evidence of its robustness and reliability.
The choice of using the ICE-score was also motivated
by practical and methodological considerations: indeed,
evaluating the usefulness and correctness of long, multi-
function code snippets requires fine-grained, line-by-line
inspection, which would be difficult to conduct manually
at scale and could introduce fatigue-related variability,
threatening reliability and repeatability. By adopting a
deterministic and standardized evaluation process, we
ensure full reproducibility across the dataset.

Correctness. Correctness remains a foundational dimen-
sion. Research in LLM-based debugging and testing con-
sistently shows that outputs which appear relevant may
still fail to execute or meet requirements [6], [8], [9]. For
this reason, correctness is often explicitly measured in
evaluations of LLMs across SE tasks [7], [38]. We again op-
erationalized correctness using the ICE-Score [34]. Among
its dimensions, the emphasis here was on whether the
generated code fulfills the intended functionality. ICE-
Score is particularly suitable for correctness because it
provides a scalable judgment of functional adequacy with-
out requiring code execution, while still reflecting how
developers typically assess whether code “does what it
is supposed to do”. Recent work has also adopted ICE-
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Score specifically as a correctness measure. For instance,
Payoungkhamdee et al. evaluated Program-of-Thought
prompting for reasoning in cross- and multilingual set-
tings using ICE-Score’s correctness evaluation [72]. Sim-
ilarly, Li et al. [73] proposed a ranking method to se-
lect stylistically consistent fine-tuning data and validated
it using ICE-Score correctness. This prior usage further
supports our choice, and ICE-Score’s empirical valida-
tion [34] reports strong and consistent correlation with
execution-based correctness across multiple programming
languages, outperforming traditional string-based and
neural evaluation metrics.

These dimensions build on insights from prior work:
similarity addresses alignment with user intent, usefulness
captures contextual applicability, and correctness ensures
functional reliability. The concrete metrics used to opera-
tionalize these variables are detailed in Section 4.2.3

3.2 Independent Variable—Characterizing the Quality
of the Prompt
Through the elicitation procedure, we selected seven in-
dependent variables covering both readability-related and
structural properties of prompts.

Readability-related variables. This category was designed
to capture the readability and expressiveness of prompts.
Prior work [60], [62], [63], [68] indeed suggests that
prompts written in a more readable and well-articulated
manner are more likely to guide models toward produc-
ing useful outputs. We identified four specific metrics
capturing these readability-related aspects:

• Prompt Readability. Clearer prompts reduce ambiguity,
making it easier for the model to interpret user requests.
Prior work shows that readability correlates with re-
duced hallucinations and better performance [62], [63].
In particular, Santana Jr. et al. [63] explicitly measured
readability with the Flesch Reading Ease metric and
observed its effect on model performance. We likewise
operationalized this dimension using Flesch Reading
Ease, which evaluates how easy a text is to read based
on sentence length and syllable count [74].

• Prompt Linguistic Complexity. Higher linguistic complex-
ity could hinder the model’s ability to parse prompts
effectively. Excessive complexity risks confusing the
model or diluting the intent behind the request. Santana
Jr. et al. [63] explicitly measured the linguistic complex-
ity using the Gunning Fog Index, a readability metric
estimating the years of formal education required to un-
derstand a text [75]. We adopted the same metric in our
study, where higher values indicate greater linguistic
complexity and potentially lower prompt interpretabil-
ity for the model.

• Vocabulary Richness. A diverse vocabulary can enrich
semantic meaning and improve LLM outputs, but may

3. We deliberately exclude intrinsic properties of the generated code,
such as cyclomatic complexity or length, from our notion of output
quality. Under our intent-based framing (Section 1), a simple prompt
may legitimately require complex code and vice versa; the complexity
of the output, on its own, does not indicate whether the developer’s
intent was met. Code complexity remains a relevant property for
concerns such as maintainability, which we leave to future work.

also introduce terms not well represented in training
data. Empirical evidence links lexical diversity to better
performance in language models [68]. We operational-
ized this dimension using the Yule’s K [76] metric, which
measures the lexical richness of a prompt indepen-
dently from its length.

• Lexical Difficulty. Beyond overall complexity, the pres-
ence of uncommon or advanced vocabulary can af-
fect how reliably a model interprets a prompt. Recent
work has shown that prompt vocabulary specificity has
a measurable, non-monotonic impact on LLM perfor-
mance across domains [77], and tokenization studies
suggest that rare words are more likely to be frag-
mented into multiple sub-word units, which has been
linked to degraded model performance [78]. We opera-
tionalized this dimension using the number of Difficult
Words, defined as the count of words in the prompt that
have two or more syllables and do not appear in the
Dale–Chall list of common words [79].

• Prompt Length. Longer prompts provide richer context,
but may also introduce noise. Practitioners often per-
ceive well-structured, longer prompts as more effec-
tive [60]. To operationalize this metric, by counting the
number of sentences of the natural language request made
in the prompt.

Structural variables. This category was designed to cap-
ture explicit cues and contextual features embedded in
the prompt. Prior work [64], [80]–[83] has shown that
structural elements can shape how models interpret and
respond to instructions. As such, we identified three spe-
cific metrics capturing these structural aspects.

• Inclusion of Code Snippets. Providing code examples an-
chors the model’s reasoning to a specific syntax and
style, reducing ambiguity and guiding the model to-
ward concrete, context-aware interpretations. Studies
show that including code snippets enhances model rea-
soning and output quality [64]. We operationalized this
dimension with a boolean value that indicates whether
the prompt contains code examples or snippets.

• Use of Prompt Patterns. Structural patterns such as zero-
shot, few-shot, and chain-of-thought explicitly guide
LLM reasoning. These approaches have proven effec-
tive across diverse software engineering tasks [80], [82],
[83]. To operationalize the presence of prompt patterns,
we relied on Hou et al. [84], who identify eight cate-
gories. We excluded those incompatible with our single-
turn setting (Auto-CoT [85], SCoT [86], MoT [87], and
CoC [88]) or designed for prompt generation (APE [89]).
The metric was thus defined over the three remaining
patterns, Zero-Shot, Few-Shot, and Chain-of-Thought,
and coded as a binary variable, where 1 indicates that the
prompt follows one of these patterns and 0 otherwise.

• Type of Task Performed. Different software engineering
tasks vary in complexity and context. Accounting for
task type is therefore essential, since prompt effective-
ness may depend on the underlying activity. To oper-
ationalize this dimension, each prompt was classified
according to the type of maintenance and evolution
task it represented, following the standard categories
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defined in the ISO/IEC 14764:2022 standard [81], and
coded as a categorical variable where the categories are
the ones defined in the standard.

Together, these eight variables capture complementary
dimensions of prompt formulation. Readability-related fac-
tors determine how clearly intent is communicated, while
structural features shape reasoning and contextual adapta-
tion. This dual perspective aligns with recent taxonomies
of prompt design [65] and frameworks for prompt-aware
evaluation [61], providing a robust foundation for analyzing
how prompt design impacts output quality in code gener-
ation. Section 4.2 describes how readability and structural
variables have been operationalized in our study.

3.3 Research Questions and Hypotheses

Following the definition of the variables, we formulate three
research questions, each corresponding to one dimension of
output quality: conceptual consistency, usefulness, and cor-
rectness. The research questions frame the overall objectives
of the study and define the phenomena under investigation.
In addition, we introduce corresponding hypotheses, which
provide the statistical operationalization of the research
questions for the regression analyses [90]. More specifically,
the hypotheses formalize whether a given prompt-oriented
metric is significantly associated with a given output-quality
dimension. Since the current body of knowledge on prompt
quality in software engineering is still limited and does not
provide sufficiently consistent theoretical or empirical evi-
dence to support directional expectations for all variables,
we formulate non-directional hypotheses, i.e., hypotheses
of the form H0 : βj = 0 versus HA : βj ̸= 0, where βj

represents the coefficient associated with a given prompt-
oriented metric in the regression model. This choice allows
us to investigate whether significant associations exist with-
out imposing a priori assumptions on the direction of the
effects.

| RQ1: On the Relationship Between Prompt-
Oriented Metrics and Conceptual Consistency. Which
prompt-oriented metrics are associated with the LLM-
generated code that closely matches the code a developer
ultimately uses?

| RQ2: On the Relationship Between Prompt-
Oriented Metrics and Code Usefulness. Which
prompt-oriented metrics are associated with the LLM-
generated code that developers consider useful?

| RQ3: On the Relationship Between Prompt-
Oriented Metrics and Code Correctness. Which
prompt-oriented metrics are associated with the LLM-
generated code that is correct and functions as intended?

For each research question described above, we devel-
oped a pair of hypotheses, i.e., null (H0) and alternative
(HA), to guide the empirical investigation. Let Y1, Y2, and
Y3 denote the dependent variables: Y1 = Alignment be-
tween committed code and LLM-generated code (RQ1); Y2

= Usefulness of LLM-generated code (RQ2); and Y3 = Cor-
rectness of LLM-generated code (RQ3). Let X1–X8 denote
the independent variables: X1 = Prompt Readability; X2 =
Prompt Linguistic Complexity; X3 = Difficult Words; X4 =
Vocabulary Richness; X5 = Prompt Length; X6 = Inclusion
of Code Snippets; X7 = Use of Prompt Patterns; and X8

= Type of Task Performed. Our hypotheses are defined as
follows:

RQ1

{
H1j,0 : corr(Y1, Xj) = 0, j = 1, . . . , 8

H1j,A : corr(Y1, Xj) ̸= 0, j = 1, . . . , 8

RQ2

{
H2j,0 : corr(Y2, Xj) = 0, j = 1, . . . , 8

H2j,A : corr(Y2, Xj) ̸= 0, j = 1, . . . , 8

RQ3

{
H3j,0 : corr(Y3, Xj) = 0, j = 1, . . . , 8

H3j,A : corr(Y3, Xj) ̸= 0, j = 1, . . . , 8

4 RESEARCH METHOD

Building on the variables and hypotheses defined in Sec-
tion 3, this section describes the empirical procedures
adopted to test them. We first detail the construction of the
dataset (Section 4.1), then specify how each independent
and dependent variable was measured (Section 4.2), and
finally outline the statistical models used to analyze the
data (Section 4.3). To address our RQs and test the hy-
potheses, we conducted an empirical study on a dataset of
real-world, developer-oriented prompts we have built. We
extracted only single-turn conversations written in English
that generated code in order to facilitate the identification of
the factors influencing the output. For RQ1, the developer-
adapted code was retrieved from the GITHUB commit link
associated with each prompt. Both the generated code and
the corresponding developer-adapted were embedded to
compute their semantic similarity [33]. For RQ2 and RQ3,
the generated code was evaluated using the ICE-Score [34]
to obtain usefulness and correctness values, respectively. For
each research question, we performed a statistical analysis
to examine the relationships between the prompt-oriented
metrics and each of the three output quality dimensions.

4.1 Data Collection and Preparation
We chose to analyze real-world conversations between de-
velopers and CHATGPT to ensure that the prompts reflected
real usage scenarios. In line with this goal, we did not apply
any preprocessing to the code snippets when computing
conceptual consistency, so as to preserve the authenticity
of the interactions as they occur in practice. This allows
us to capture how developers naturally phrase requests
and provide context, unlike manually crafted datasets that
risk overly simplified wording and a lack of contextual
information. Our focus on CHATGPT was motivated by
two reasons: first, to align our methodology with previ-
ous research efforts, which have also relied on CHATGPT-
based datasets [91]–[93]; and second, because only a limited
number of LLM platforms make shared conversations pub-
licly available, with CHATGPT being the most prominent
source. In practice, conversations involving LLMs other
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1. GITHUB ARTIFACT

2.1 CHATGPT CONVERSATION

3.1 COMMIT REFERENCE 3.2 COMMITED CODE

2.2 PROMPT

…

2.3 GENERATED CODE

Fig. 2: Overview of the extraction process

Issue

ID: IS_1361_1

CONVERSATION TEXT

On Mac, with Vulkan SDK
1.3.276, the following code
is giving me libc++abi:
terminating due to
uncaught exception of type
vk::IncompatibleDriverError:
vk::createInstance:
ErrorIncompatibleDriver.
Please search the web for potential
solutions, reason meticulously, then
propose code changes.

Commit

ID: CO_165_1

CONVERSATION TEXT

Look at the readme of my project.
Create a Python script which pre-
tends to be Continue.dev, sends
a POST request just like in my Re-
search section, but this time send
to destination 127.0.0.1:11434
(my load balancer). Slightly change
the request to use stream: false
in the JSON.

Pull Request

ID: PR_46_1

CONVERSATION TEXT

Your job is to provide documenta-
tion for the code below. Please fol-
low best code documentation prac-
tices. Also, add comments where
necessary. You may delete/mod-
ify the line containing // needs
better documentation.

Fig. 3: Representative examples of developer–LLM conversations drawn from the three sources analyzed in our dataset:
GitHub Issues, Commits, and Pull Requests.

than CHATGPT accounted for less than 2% of the collected
data; for example, attempts to include conversations from
GEMINI yielded very few usable instances, many of which
were no longer accessible. As a consequence, including such
data would have resulted in a severely unbalanced variable
and would not have supported meaningful comparative
analysis. While this limits our ability to empirically assess
generalizability across models, existing benchmarks (e.g.,
HumanEval [12], BigCodeBench [69]) show that state-of-the-
art LLMs exhibit highly similar code-generation capabilities,
suggesting that our findings are likely to extend beyond
CHATGPT.

In exploring available resources, we considered existing
datasets of developer–LLM interactions, but found that they
were not directly suitable for our study. For instance, Dev-
GPT [91] contains prompts and LLM responses from various
developer interactions. It also includes the generated code
and the link to the commit where the conversation was
shared, thus containing all the information required for our

analysis. However, its last update in October 2023 raised
concerns about its ability to capture more recent trends
in LLM usage. Prompt-Set [94] contains prompts extracted
from source code files where developers performed tasks
with LLM assistance, providing insights into how LLMs are
integrated into real workflows. However, it does not include
the actual output produced by the LLM. Without access to
the generated output, none of the output quality metrics
defined can be computed, making it impossible to proceed
with the intended analysis.

For these reasons, we created a new dataset that satisfies
our requirements in terms of data composition and is suffi-
ciently recent to capture current patterns of developer–LLM
interactions. To construct it, we replicated the data collection
methodology used by Xiao et al. [91] to develop Dev-GPT,
detailed in Figure 2. Specifically, we searched GitHub issues,
commits, and pull requests for links to shared ChatGPT con-
versations. Whenever such a link was found, we recorded
both the GitHub source URL (e.g., the commit containing
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INCLUSION

PROMPT 
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Fig. 4: Overview of the Research Method.

the conversation) and the conversation URL itself. We then
extracted each user–LLM exchange from the conversation
into separate files, organized by source. In this way, we
could rely on a time-updated set of conversations while
maintaining methodological consistency. In doing so, we
also addressed a potential content bias identified by Della
Porta et al. [95] in the way Dev-GPT was originally built:
the dataset included general-purpose conversations from
non-GITHUB sources (e.g., blogs, forums, or Q&A websites),
which diluted the focus on developer-oriented interactions.
To avoid this issue, we restricted our replication to GITHUB
issues, commits, and pull requests, ensuring that the col-
lected conversations were authored and shared by devel-
opers in a project-related context. GITHUB was chosen as
it provides publicly available, developer-authored interac-
tions in a rich project context, ensuring that the collected
prompts are both authentic and relevant to software devel-
opment. We performed the extraction of conversation links
on the 18th of March 2025, and from these conversations, we
extracted the textual content exchanged between developers
and the LLM, which was then processed to form the dataset
used in our analysis.

Figure 3 presents some example of the conversations
gathered in the dataset, meanwhile Figure 4 summarizes
the results of the data collection and filtering process. As
shown, we gathered a total of 5,016 raw conversations from
GITHUB (1,224 from commits, 1,135 from pull requests, and
2,657 from issues). Afterward, we applied a series of filtering
criteria to restrict the analysis to relevant types of prompts.
First, we restricted the dataset to English-language prompts
to ensure consistency in textual metrics and to simplify
manual inspection, as all authors are proficient in English:
this filter reduced the dataset to 3,598 conversations. Then,
we selected only single-turn conversations, i.e., a single inter-
action between a developer and the LLM, narrowing the
dataset to 881 items. This restriction excludes multi-turn

conversations, where developers may request successive
adaptations, and thus may affect the generalizability of the
study. Nonetheless, this choice was essential to isolate the ef-
fects of the prompt characteristics under study and thereby
ensure internal validity. Including multi-turn interactions
could have introduced bias by conflating prompt quality
with conversational dynamics, since improvements in later
turns may depend as much on the developer’s iterative
refinements as on the original prompt, making it difficult
to attribute outcomes to prompt characteristics alone.

Subsequently, we filtered out conversations that did
not produce code, retaining only those in which the LLM
effectively generated code, ensuring the presence of code
needed to compute our output quality metrics; this left
778 items. Finally, an initial exploratory analysis revealed
that a single contributor accounted for more than 80% of
the conversations. In this setting, observations are not in-
dependent across the contributor dimension, and retaining
all instances from highly represented contributors would
have potentially skewed aggregate statistics and limited
the representativeness of the results by disproportionately
reflecting the prompting style and interaction patterns of a
single developer. To mitigate this issue, we applied a pre-
processing step aimed at limiting the disproportionate in-
fluence of heavily represented contributors. Specifically, we
computed the mean number of conversations per contrib-
utor and constrained over-represented contributors to this
threshold (10 conversations). This ensured a more balanced
distribution across contributors while reducing redundancy
and potential bias in the subsequent statistical analysis.
While alternative approaches, such as mixed-effects mod-
els with contributor as a random effect, could account
for contributor-level variability, the high within-contributor
similarity observed in the over-represented cases motivated
a data-level intervention to directly control for this source of
bias.
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TABLE 1: Output quality metrics (dependent variables) used in the study.

Metric Scale Description

Cosine Similarity Continuous, range [0, 1] Measures the cosine of the angle between two embedding vectors; widely used to
quantify semantic similarity between texts or code. In our case, the comparison is
computed between the generated code and the committed code.

ICE-Score (Usefulness) Ordinal, range [0, 4] An LLM-as-a-judge metric in which a language model evaluates the perceived
usefulness of the generated code for the given task, without requiring a reference
implementation or test suite.

ICE-Score (Correctness) Ordinal, range [0, 4] An LLM-as-a-judge metric in which a language model assesses whether the generated
code fulfills the task requirements and behaves as intended; does not involve program
execution or static analysis.

After this adjustment, the dataset stabilized at a final
set of 183 conversations (39 from commits, 138 from pull
requests, and 6 from issues), extracted from 94 distinct
GitHub repositories. The complete list of repositories is
available in the replication package [35]. We verified the
adequacy of this sample size through a power analysis and
an events-per-variable assessment (see Section 4.3), both of
which indicate that the dataset is sufficient for the planned
statistical analyses.

4.2 Measurement Process
Once the dataset of conversations was finalized, we moved
to the operationalization of the independent and dependent
variables required for the analysis. In this section, we de-
scribe the procedures adopted to compute each metric.

4.2.1 Dependent Variable Measurement
To test our hypotheses, we focused on three dimensions
of output quality: conceptual consistency, usefulness, and
correctness. The measures employed are summarized in
Table 1. To compute cosine similarity, we first processed the
code linked to each GITHUB commit. For every commit as-
sociated with a developer–LLM conversation, we extracted
only the added lines of code and stored them in a temporary
file for subsequent embedding computation. From the same
conversations, we also collected the code generated by the
LLM in response to the developer’s prompt. Both the com-
mitted code and the LLM-generated code were embedded
using Qwen3 8B, which at the time of consulting (20th July
2025) was ranked as the top-performing open-source model
on the MTEB leaderboard.4. We then proceeded to measure
the usefulness and correctness of the generated code using
the ICE-Score metric [34]. Although the original formulation
of ICE-Score employed GPT-4, in our study we opted
for GPT-4.1-mini.5 This decision was made to mitigate
known issues in LLM-as-a-judge settings, in particular bias
arising from model identity, whereby a model acting as a
judge may systematically assign higher scores to its own
outputs (self-bias) or to those generated by models from
the same family (family-bias), even when controlling for
their underlying quality. This effect can confound evaluation
results by inflating scores due to model identity rather
than actual performance differences [96]. Importantly, the
usage of GPT-4.1-mini also ensured methodological con-
sistency across our pipeline, as the same model had already

4. https://huggingface.co/spaces/mteb/leaderboard
5. https://platform.openai.com/docs/models/gpt-4.1-mini

been employed in earlier steps of our study (e.g., prompt
preprocessing and code/text separation). In line with the
guidelines for SE studies using LLMs by Baltes et al. [97],
we report that the LLM temperature was set to 0, and for
prompting we used the original prompt setup reported by
Zhuo et al. [34].

4.2.2 Independent Variables Measurement
The measures employed to operationalize the independent
variables are summarized in Table 2. To compute the inde-
pendent variables, we first separated the natural language
task description in each prompt from any embedded code
snippets. This step ensures that textual prompt metrics
are computed exclusively on the natural language content,
without being influenced by code snippets. The separation
was performed using an LLM-based annotation with GPT
4.1-mini , which classified each line as either code or
natural language. Code snippets were then replaced with
placeholders identified by unique IDs, allowing us to pre-
serve their position within the prompt while excluding them
from the computation of readability and structural metrics.
Since many prompts exceeded the model’s context window,
we divided each prompt into batches of 20 lines and asked
the model to classify each line of the batch as either code
or natural language. To facilitate automation, we used the
structured output6 option provided in the API to receive
responses in a JSON format, which could be easily parsed.
When the model failed to produce a valid structured output,
the request was repeated until a correct result was obtained.
All annotations were subsequently verified by two authors
during a dedicated session to ensure quality. The script and
prompts used for this step are available in the replication
package [35]. We opted for this semi-automated approach
because separating code from natural language is a rela-
tively simple task that can be reliably automated, making a
fully manual procedure unnecessarily time-consuming. This
separation was essential to ensure that readability metrics
and lexical measures, such as the number of sentences,
were applied exclusively to the textual part of the request,
avoiding distortions introduced by code tokens.

After completing this step, we measured the three
readability variables on the natural language text of each
prompt. The Flesch Reading Ease, the Gunning Fog Index,
the Difficult Words, and Lexical Richness were measured
using the textstat7 Python library. The library imple-
ments the original formulations of these readability metrics

6. https://platform.openai.com/docs/guides/structured-outputs
7. https://textstat.org/

https://huggingface.co/spaces/mteb/leaderboard
https://platform.openai.com/docs/models/gpt-4.1-mini
https://platform.openai.com/docs/guides/structured-outputs
https://textstat.org/
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TABLE 2: Prompt-oriented metrics (independent variables) used in the study.

Metric Scale Formula / Definition

Flesch Reading Ease Continuous, [0, 100] RE = 206.835− 1.015 · (words/sentences)− 84.6 · (syllables/words)

Gunning Fog Index Continuous, [0,+∞)
FI = 0.4 ·

(
( words

sentences ) + 100 · ( complex words
words )

)
words = total words, complex words = not in Dale–Chall list [79]

Difficult Words Discrete, {0, 1, 2, . . . }
DW =

∑
w∈Text

1[σ(w) ≥ 2 ∧ w /∈ D ]

σ(w) = syllable count of w, D = Dale–Chall list [79]

Yule’s K Continuous, [0,+∞) K = 104 ·
∑N

i=1 i
2Vi −N

N2

N = total tokens, Vi = types occurring i times
Number of Sentences Discrete, {0, 1, 2, . . . } S =

∣∣{ s ∈ Text | s is a sentence }
∣∣

Task Performed Nominal Task ∈ {Additive, Adaptive, Corrective, Perfective, Preventive}

Code Snippet Inclusion Boolean, {0, 1} CodeIncl =

{
1 if a code snippet is present,
0 otherwise.

Prompt Pattern Nominal Pattern ∈ {Zero-Shot, Few-Shot, Chain-of-Thought}

as defined in the literature. In particular, the constant co-
efficients used in the formulas correspond to the standard
values originally derived by the metric authors through
empirical calibration studies on English texts. For the Flesch
Reading Ease, the constants were calibrated by relating sen-
tence length and syllable count to human reading-difficulty
judgments [74], while for the Gunning Fog Index, the scaling
coefficients were introduced to map sentence complexity
and the proportion of complex words to U.S. grade-level
equivalents [75]. These constants were not modified or
recalibrated in our study. Taking advantage of the earlier
separation between text and code, we also computed two
structural features of the prompts: the number of sentences
in the textual part and the presence of code snippets. The
number of sentences was obtained using the NLTK sentence
tokenizer,8 trained on English text, to approximate the level
of detail and contextual information provided by the devel-
oper. The code snippet metric, on the other hand, captured
whether a prompt included one or more code snippets.

To identify the task performed in the prompt, following
the ISO/IEC 14764:2022 standard [81], we classified the
tasks in 5 main types: Additive, Adaptive, Corrective, Per-
fective, and Preventive.9 We decided not to use automatic
classification approaches for this task. While automated
methods could, in principle, speed up the process, they
risk misclassifying subtle cases that require domain knowl-
edge and contextual understanding. A manual procedure
was therefore more appropriate to ensure accurate labeling
and to maintain confidence in the validity of subsequent
analyses. The classification was carried out independently
by the seven authors of the paper, with the procedure
ensuring that at least two different reviewers reviewed each
prompt. In cases where the two reviewers disagreed, an
external reviewer was involved to provide clarification and
resolve the conflict. If the reviewers could not identify a
maintenance and evolution task, the prompt was excluded
from the analysis. All reviewers engaged in this step had a
strong background in software engineering, which helped
guarantee the reliability of the classifications. Finally, for

8. https://www.nltk.org/
9. Details on the guidelines used for the classifications are available

in the replication package [35].

each prompt, we identified the presence of prompt patterns.
Each prompt of the dataset was independently reviewed
by six authors, with at least two reviewers per prompt
(details in the replication package [35]). Disagreements were
resolved by the first author, who was selected due to their
deeper expertise in the area. As with the task classification,
we opted for a manual approach rather than automation,
since prompt patterns are often implicit and require contex-
tual interpretation. For instance, a prompt containing code
could be misclassified as Few-Shot when the code is not an
example but rather the subject of the request itself.

4.3 Data Analysis

To answer RQ1, we employed a beta regression model, since
the dependent variable (cosine similarity) is a continuous
proportion bounded in the interval [0, 1]. Beta regression
is particularly suited for this type of outcome because it al-
lows modeling of non-normal, heteroskedastic distributions
typical of proportion data, while respecting the bounded
support of the variable. This type of model relies on sev-
eral assumptions. First, the outcome must be restricted
to the open interval (0, 1), since proportions at the exact
boundaries are not supported. Second, predictors should
not exhibit multicollinearity, as highly correlated covariates
can distort coefficient estimates and inflate standard errors.
Third, observations are assumed to be independent, mean-
ing that each prompt–output pair is treated as a distinct and
unrelated data point.

To answer RQ2 and RQ3, we applied ordinal logistic
regression (OLR) models, since both usefulness and correctness
are ordinal scores ranging from 0 to 4. OLR is an appropriate
choice in this context, as it accounts for the ordered nature
of the response categories without assuming equal spacing
between them, unlike linear regression. OLR models also
impose specific assumptions. The most important is the pro-
portional odds assumption which requires that the relationship
between predictors and the odds of being in higher versus
lower categories of the outcome is constant across all thresh-
olds. In addition, predictors should not be affected by mul-
ticollinearity, ensuring stable and interpretable coefficients,
and the independence of observations is assumed, meaning

https://www.nltk.org/
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TABLE 3: Beta Regression Model (Note. *** p < .001, ** p < .01, * p < .05).

Predictor Estimate Std. Error z-value p-value Sign.

Flesch Reading Ease 0.001 0.005 0.254 0.799
Gunning Fog Index 0.030 0.023 1.297 0.195
Difficult Words -0.021 0.009 -2.265 0.024 *
Number of Sentences 0.112 0.034 3.288 0.001 **
Yule’s K -0.001 0.001 -0.974 0.330
Task Performed: Additive -0.672 0.220 -3.049 0.002 **
Task Performed: Corrective -0.941 0.176 -5.348 <0.001 ***
Task Performed: Preventive -0.750 0.264 -2.840 0.005 **

that the responses of one participant or prompt–output pair
should not influence those of another.10

Since our analyses are performed at the conversation
level, each developer–LLM conversation constitutes one
independent observation in the dataset. We therefore treat
the number of conversations (N = 183) as the effective
sample size for all regression models, rather than counting
individual prompts or turns within a conversation, which
would violate the independence assumption. To justify that
N = 183 is adequate, we conducted two complementary
checks. First, for the regression model with the seven inde-
pendent variables discussed in Section 4.2.2, we aimed to
detect a medium effect size (f2 = 0.15) with power 0.80
and α = 0.05. A G*Power analysis [100], [101] yields a
minimum required sample size of N = 103 observations.
Second, for the ordinal logistic regression models, we cross-
validated adequacy using the widely adopted events-per-
variable heuristic (at least 10 observations per predictor
per response level). With seven predictors and five ordered
response categories (0–4), this implies a conservative re-
quirement of N ≥ 70 conversations. Our dataset of 183
conversations exceeds both thresholds, indicating that the
sample size is appropriate for the model complexity and
sufficient to detect medium effects.

5 ANALYSIS OF THE RESULTS

In this section, we report the results of our analysis, orga-
nized by the three research questions defined in Section 3.3.
The statistical analysis was performed using the R program-
ming language, and all the scripts used for the analysis can
be found in the replication package [35].

Before conducting the analysis, we examined the distri-
bution of all the metrics used in the study. In this stage,
we decided to remove the Prompt Pattern metric, since
the manual classification revealed that 90% of the prompts
(164 out of 183) were Zero-shot. This strong imbalance, also
observed in previous work [95], would have heavily affected
the statistical models and biased the results. For this reason,
we excluded the metric from further analysis and did not
test the associated hypotheses (H17,0, H27,0, and H37,0).

10. For the categorical task type predictor, we adopted Perfective as the
reference category, as it is the most frequent category in our dataset.
Selecting the modal category as the baseline is a standard practice in
regression modeling, as it yields more stable contrast estimates against
a larger reference subsample [98]. We note, however, that this choice
does not affect the overall model fit, the predicted values, or the
global significance of the factor: a different baseline would simply re-
express the coefficients of the remaining categories without altering the
substantive conclusions [98], [99].

Another point to mention is that the adaptive category of
the task performed type is not present in the final version
of the dataset. The label was occasionally proposed during
initial labeling but never retained after adjudication, and is
therefore absent from the analysis.

5.1 RQ1: On the Relationship Between Prompt-
Oriented Metrics and Conceptual Consistency

For RQ1, we investigated the relationship between prompt-
oriented metrics and the conceptual consistency between
LLM-generated code and the developer-adapted code that
was commited on the repository. To this end, we fitted a beta
regression model with cosine similarity as the dependent
variable and the readability and structural predictors as
independent variables.

Before fitting the model, we rescaled the cosine sim-
ilarity values to avoid boundary issues, since some raw
values were exactly equal to 1. Following Smithson and
Verkuilen [102], we applied a standard transformation that
maps values into the open interval (0, 1), to ensure com-
patibility with beta regression. Diagnostic tests based on
simulated residuals (Kolmogorov–Smirnov uniformity test,
dispersion test, and outlier test) indicated no violations of
distributional assumptions (all p > 0.05). Variance inflation
factors (VIF) were below the common threshold of 5.

The results are reported in Table 3. Among the readabil-
ity metrics, neither Flesch Reading Ease nor Gunning Fog
Index showed a significant association with cosine similarity
(p = 0.799 and p = 0.195, respectively). Yule’s K was
also non-significant (p = 0.330). In contrast, two structural
features displayed significant effects: the number of difficult
words in the prompt was negatively associated with similar-
ity (β = −0.021, p = 0.024), while the number of sentences
was positively associated (β = 0.112, p = 0.001).

Regarding task type, we used perfective tasks as the
baseline. Compared to this baseline, additive (β = −0.672,
p = 0.002), corrective (β = −0.941, p < 0.001), and pre-
ventive (β = −0.750, p = 0.005) tasks were all significantly
associated with lower cosine similarity.

Overall, the model explained a moderate portion of the
variance (pseudo R2 = 0.159) and met the distributional
assumptions based on residual diagnostics. In light of these
findings, we reject the null hypotheses associated with dif-
ficult words H13,0, the number of sentences H15,0, and
task type H18,0, thereby supporting their corresponding
alternative hypotheses.
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TABLE 4: Ordered Logistic Regression (OLR) Model for Usefulness (Note. *** p < .001, ** p < .01, * p < .05).

Predictor Estimate Std. Error t-value odds ratio p-value Sign.

Flesch Reading Ease 0.033 0.011 2.990 1.033 0.003 **
Gunning Fog Index 0.211 0.058 3.651 1.235 <0.001 ***
Difficult Words -0.006 0.021 -0.261 0.995 0.794
Number of Sentences -0.023 0.077 -0.301 0.977 0.763
Yule’s K 0.001 0.002 0.375 1.001 0.708
Task Performed: Additive 0.629 0.537 1.170 1.876 0.242
Task Performed: Corrective -0.380 0.427 -0.891 0.684 0.373
Task Performed: Preventive 1.934 1.091 1.773 6.920 0.076

� Answer to RQ1. The analysis showed that structural
aspects of prompts affect conceptual consistency. A higher
number of sentences in a prompt was positively correlated
with greater similarity to developer code, while increased
lexical diversity exhibited a negative correlation. In addi-
tion, task type influenced outcomes, with perfective tasks
showing the strongest alignment.

5.2 RQ2: On the Relationship Between Prompt-
Oriented Metrics and Code Usefulness

For RQ2, we investigated the relationship between prompt-
oriented metrics and the perceived usefulness of LLM-
generated code, as measured by ICE-Score. We fitted an Or-
dinal Logistic Regression model (OLR) with usefulness (0–4)
as the dependent variable, and readability and structural
predictors as independent variables.

All assumptions for ordered logistic regression were
checked. Variance inflation factors (VIF) were within accept-
able thresholds (all < 5). The proportional odds assump-
tion was tested using the nominal test, and no significant
violations were observed, supporting the validity of the
OLR specification. The results are presented in Table 4.
Two readability metrics emerged as significant predictors:
higher Flesch Reading Ease scores were associated with
an increased probability of usefulness being rated higher
(odds ratio = 1.033), while higher Gunning Fog Index val-
ues showed an even stronger positive effect (odds ratio =
1.235). In contrast, structural metrics such as difficult words,
number of sentences, and Yule’s K were not significant
predictors. Regarding task type, additive and corrective
tasks showed positive coefficients compared to the perfec-
tive baseline, with corrective tasks approaching significance
(p = 0.084), while preventive tasks were positively associ-
ated but non-significant. Overall, the model showed modest
explanatory power (pseudo R2 = 0.107). In light of these
findings we reject the null hypotheses associated with Flesch
Reading Ease H21,0 and Gunning Fog Index H22,0, thereby
supporting their corresponding alternative hypotheses.

� Answer to RQ2. Prompt readability influenced use-
fulness: clearer and more complex prompts were associated
with higher usefulness ratings of generated code. Structural
features and most task types showed no significant associa-
tion. Preventive tasks suggested a positive trend but did not
reach statistical significance.

5.3 RQ3: On the Relationship Between Prompt-
Oriented Metrics and Code Correctness
For RQ3, we investigated the relationship between prompt-
oriented metrics and the correctness of LLM-generated
code. Correctness was modeled using ordered logistic re-
gression with readability and structural predictors as in-
dependent variables. Initial tests revealed violations of the
proportional odds assumption for the number of difficult
words and sentences. To address this, these predictors were
removed and the model re-estimated. The final model is re-
ported in Table 5. Both readability metrics—Flesch Reading
Ease and Gunning Fog Index—were significantly and pos-
itively associated with correctness, indicating that prompts
that are clearer and structurally more complex tended to
yield more correct code. Yule’s K did not show a significant
effect. Task type was also not significant, although corrective
tasks showed a marginal negative trend relative to the
perfective baseline.

Overall, the model showed an explanatory power of
pseudo R2 = 0.148. In light of these findings, we reject
the null hypotheses associated with Flesch Reading Ease
H31,0 and Gunning Fog Index H32,0, thereby supporting
their corresponding alternative hypotheses.

� Answer to RQ3. Readability metrics were the strongest
predictors of correctness. Higher Flesch Reading Ease and
Gunning Fog scores correlated with a higher likelihood of
correct code. Other predictors showed no significant effects.

6 DISCUSSION, IMPLICATIONS, AND LIMITATIONS

This section discusses the implications of our results.

6.1 Interpretation of the Results
Our results demonstrate that prompt-oriented metrics influ-
ence different dimensions of output quality.

For conceptual consistency, the relevant predictors were
structural rather than readability-based (Table 3). The num-
ber of difficult words negatively influenced similarity, while
the number of sentences had a positive effect. This suggests
that prompts articulated across multiple sentences improve
alignment with the code developers commit, whereas ex-
cessive lexical variety reduces it. Importantly, all task types
(i.e., additive, corrective, and preventive) had significant
negative effects relative to perfective tasks. This shows that
prompts asking the model to add new functionality, correct
faults, or prevent potential issues lead to less similar outputs
than prompts framed around perfective modifications.
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TABLE 5: Ordered Logistic Regression Model for Correctness (Note. *** p < .001, ** p < .01, * p < .05). Two measures, i.e.,
the number of difficult words and sentences, were excluded due to assumption violations.

Predictor Estimate Std. Error t-value odds ratio p-value Sign.

Flesch Reading Ease 0.035 0.012 2.896 1.036 0.004 **
Gunning Fog Index 0.206 0.060 3.416 1.230 0.001 **
Yule’s K -0.002 0.002 -1.056 0.998 0.291
Task Performed: Additive -0.053 0.495 -0.107 0.949 0.915
Task Performed: Corrective -0.681 0.394 -1.730 0.506 0.084
Task Performed: Preventive 0.328 0.699 0.470 1.389 0.638

For usefulness, readability proved decisive again (Ta-
ble 4). Flesch Reading Ease and Gunning Fog Index had
significant positive effects, confirming that prompts which
combine clear and readable phrasing with more articulated
technical content are more likely to result in outputs consid-
ered useful. Task type did not have statistically significant
effects, although preventive prompts showed a tendency to
increase usefulness compared to perfective ones.

For correctness, both Flesch Reading Ease and Gunning
Fog Index showed significant positive effects (Table 5).
Prompts that combined high readability with more articu-
lated and lexically sophisticated content were more likely
to lead to correct solutions, suggesting that prompts con-
taining detailed technical information, when expressed in
a clear and well-structured manner, help the model gener-
ate functionally accurate code. As for task type, corrective
prompts showed a negative trend compared to perfective
ones, although this effect was only marginally significant.
This indicates that when the task is framed as correcting
existing code, the model tends to produce fewer correct
outputs. A possible explanation is that corrective tasks, such
as bug fixing, are inherently more complex than perfective
tasks, such as extending or generating code, which makes
them harder for LLMs to handle. While developers cannot
change the nature of their tasks, this finding highlights that,
currently, achieving correctness is more difficult in bug-
fixing scenarios. Vocabulary richness, by contrast, had no
significant effect, indicating that lexical variety does not
enhance the correctness of software engineering prompts.

These findings highlight that prompt quality is inher-
ently multi-dimensional. Readability metrics emerge as key
drivers of correctness and usefulness, whereas similarity is
more strongly influenced by structural features and task
framing. Furthermore, measuring task-type effects against
perfective prompts highlights how the way a problem
is posed, whether as correction, addition, or prevention,
shapes alignment with developer expectations.

6.2 Implications of the Study
Overall, prompt quality emerges as a multi-dimensional and
context-sensitive construct, shaped by the interplay between
prompt formulation, task characteristics, and the interaction
and validation strategies adopted by developers. Future
research should therefore move toward task-aware and
quality-aware frameworks that jointly consider correctness,
usefulness, and conceptual consistency, treating readability,
structural organization, and task-specific interaction prac-
tices as complementary determinants of LLM performance
in software engineering.

6.2.1 Readability as a Targeted Lever for Output Quality

Readability metrics act selectively on output quality. Flesch
Reading Ease and Gunning Fog Index strongly influenced
correctness and usefulness, but not conceptual consistency,
meaning that readability helps the model generate accurate
and practically usable code without necessarily bringing the
output closer to what developers ultimately commit. For
such a reason, developers should not treat readability as
a guarantee of alignment with their final implementation,
but rather as a means to reduce ambiguity and increase
the likelihood that the generated code is correct, useful, and
easy to adapt before integration.

For practitioners, since easier-to-read prompts were as-
sociated with better outcomes, prompts should be clear and
explicitly articulated rather than syntactically dense. Such a
guideline translates into four practices: (i) stating the task
explicitly in the first sentence; (ii) using short sentences,
each expressing a single requirement; (iii) separating goal,
context, constraints, and expected behavior into distinct
sentences; and (iv) avoiding deeply nested constructions
that embed requirements within subordinate clauses. As an
illustrative example, consider the request “The function that
is shown below appears to behave in an unexpected manner in
the specific situation where the list it receives as a parameter does
not contain any elements at all, and the appropriate resolution
would presumably be to return an empty list in that case. The be-
havior for lists that do contain elements has to remain completely
unchanged, and the efficiency of the implementation on consid-
erably larger inputs should also be preserved as it is.” (Flesch
Reading Ease: 21.6; Gunning Fog Index: 22.7; Correctness:
3; Usefulness: 0). Applying the four practices, the same
requirements can be expressed as “Fix the function below. It
fails when the input list is empty. In that case it should return an
empty list. Do not change how it handles lists that are not empty.
Keep the code fast for large inputs.” (Flesch Reading Ease:
94.8; Gunning Fog Index: 3.1; Correctness: 3; Usefulness:
3). The two prompts differ only in surface form, yet only
the readable one yielded code that a developer could adopt
without further intervention. Readability therefore acts on
usefulness even when correctness is within reach of both
formulations.

For researchers, these results pave the way for quality-
aware prompt engineering support, comprising (i) prompt
quality analyzers that detect readability and structural is-
sues (e.g., long sentences or implicit requirements); (ii)
prompt refactoring techniques that transform poorly struc-
tured prompts into clearer, multi-sentence formulations; and
(iii) predictive models to estimate how changes in prompt
design may affect correctness or usefulness.
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¤ Implication 1. Readability should be treated as a design
mechanism to improve correctness and usefulness, rather
than as a proxy for prompt quality. Developers should
structure prompts explicitly by stating the task up front, us-
ing short, single-purpose sentences, and separating context,
constraints, and expected behavior into distinct statements.

6.2.2 Prompts as Structured Artifacts

Conceptual consistency was mainly driven by sentence
count and task framing, while readability and lexical rich-
ness had little influence, indicating that prompt quality is
not only a matter of clear sentences but also of how require-
ments are decomposed and organized. Indeed, prompts
expressed in multiple sentences, each introducing a specific
requirement, constraint, or piece of context, tend to produce
code more closely aligned with the final implementation,
whereas high lexical variability (e.g., frequent synonyms
or stylistic variation) may introduce ambiguity and reduce
alignment. Hence, developers should decompose complex
requests into sequences of simple, well-scoped statements
and use consistent terminology, rather than compressing
multiple requirements into a single, dense formulation.

For practitioners, these findings suggest that task fram-
ing should be explicitly tailored to the activity being per-
formed, rather than relying on generic prompt formulations.
Since perfective requests led to higher alignment than addi-
tive, corrective, or preventive ones, each task type appears
to require its own level of explicitness. Starting from a
minimally specified prompt such as “Update this function”,
developers should make explicit (i) what is wrong and what
the correct behavior should be for corrective tasks (e.g.,
“Fix this function. It fails when the input list is empty. The
function should return an empty list in this case”); (ii) where
the new functionality should be integrated and under which
constraints for additive tasks; (iii) the scenarios or issues
to be avoided for preventive tasks; and (iv) the intended
improvement for perfective tasks.

For researchers, these findings call for expanding
prompt-quality models beyond readability and lexical prop-
erties to incorporate structural dimensions, i.e., information
decomposition, requirement ordering, and task framing.
Such dimensions should be (i) operationalized into measur-
able constructs (e.g., metrics capturing how requirements
are distributed across sentences or whether failure condi-
tions are stated); (ii) embedded into structure-aware prompt
patterns that enforce progressive specification; and (iii) sup-
ported by static analyzers and refactoring techniques that
detect missing specification elements or reorganize require-
ments. From this perspective, prompts resemble software
design artifacts, whose quality depends not only on how
clearly each instruction is written but also on how the
instructions are structured

¤ Implication 2. Prompt quality models should incor-
porate structural properties at the prompt level, such as re-
quirement decomposition, ordering, and task framing, in ad-
dition to readability and lexical metrics. Developers should
organize prompts as sequences of well-scoped requirements,
while researchers should model and support how multiple
instructions are structured, prioritized, and connected.

6.2.3 The Context-Dependent Nature of Prompt Quality
Additive, corrective, and preventive prompts all reduced
conceptual consistency compared to perfective prompts,
and corrective prompts also tended to reduce correctness,
indicating that certain software engineering tasks are sys-
tematically harder for LLMs and therefore more sensitive to
how the prompt is formulated.

For practitioners, these findings suggest that prompt
quality cannot be defined independently of the task being
performed, and developers should adapt their interaction
strategy accordingly: validating corrective outputs through
testing or manual inspection before integration, verifying
that preventive outputs actually enforce the intended con-
straints, and checking that additive outputs do not intro-
duce unintended side effects. In all such cases, an iterative
strategy that progressively refines and validates outputs
may be preferable to relying on a single response, whereas
perfective tasks may already yield satisfactory results with
simpler interactions.

For researchers, prompt quality should be modeled as
a function of the task and the associated validation re-
quirements, for example, through task-specific benchmarks
that reflect varying difficulty and risk across tasks (e.g.,
correctness in bug fixing vs. robustness in preventive tasks)
and through the study of iterative prompting and validation
workflows. More generally, these findings call for integrat-
ing prompt engineering with established software engineer-
ing practices, e.g., testing, verification, and quality assur-
ance, and evaluating prompt quality by how effectively the
generated output supports downstream activities such as
validation, debugging, and integration into the codebase.

¤ Implication 3. Prompt quality is context-dependent and
should be evaluated together with the task and the associated
interaction and validation strategy. Developers should adapt
how they use and verify LLM outputs depending on the task
(e.g., prioritizing testing and inspection for corrective and
preventive tasks), while researchers should model prompt
quality as a function of task-specific requirements and vali-
dation workflows.

6.3 Threats to Validity

Our empirical study may be subject to several threats to
validity, which we discuss in this section.

6.3.1 Conclusion Validity
The main threats in this category stemmed from the sta-
tistical methods applied during the analysis. We employed
Beta Regression and Ordinal Logistic Regression, as they fit
our research design and the characteristics of the variables.
We verified all model assumptions and examined the rel-
evant statistical measures to ensure that the analysis was
conducted correctly and with rigor. Moreover, the mod-
erate explanatory power of our models (0.107 < pseudo-
R2 < 0.159) indicates that prompt-oriented metrics account
for only part of the variability in output quality. Con-
sequently, although several relationships were statistically
significant, their practical significance should be interpreted
with caution. Our findings identify prompt characteristics
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associated with output quality, while future replications and
controlled experiments are needed to establish the practical
magnitude of these relationships.

Another potential threat comes from the non-
determinism of LLMs, as repeated executions of the same
prompt may yield different outputs. This variability could,
in principle, affect the dependent variables and the stability
of our findings. To mitigate this, we relied on a fixed
dataset of already-executed conversations, ensuring that the
analysis was performed on stable outcomes rather than
re-generated outputs. In other words, while results may
differ across generations, our study reflects the actual code
that developers obtained from the LLM in practice. Future
replications on alternative datasets or regenerated outputs
are welcome to further assess the robustness of our findings.

Our study identifies statistical associations between
prompt characteristics and output quality, but it does not es-
tablish causality. This limitation is inherent to observational
studies on real-world data, where multiple confounding
factors may exist. To mitigate the risk of overstating our
findings, we carefully framed results in correlational terms,
verified robustness across multiple model specifications,
and excluded variables that violated model assumptions.
In other terms, we view this work as a first step toward
theory building: our findings generate hypotheses that can
be tested through controlled experiments. In this sense, we
envision future research pursuing such designs to move
from correlations to stronger causal claims.

6.3.2 Construct Validity
Our data was mined from GITHUB open-source reposi-
tories, which may have raised concerns about quality; to
mitigate this threat, we applied filtering and corrective
steps to ensure data reliability. We further adopted both
numerical and categorical measurements. For the former, we
operationalized well-established metrics from the literature.
For the latter, we relied not only on categories recognized
in prior work (e.g., ISO standards) but also implemented
a rigorous multi-step, multi-rater categorization process in-
volving the entire research team. For example, each dataset
entry was labeled by at least two authors independently,
and disagreements were resolved by a third author. Another
potential threat came from errors in data preprocessing and
filtering. We addressed this by inspecting the scripts used
for data collection and processing and by manually validat-
ing a sample of the dataset. Finally, we did not preprocess
code (e.g., comment removal, normalization) before com-
puting conceptual consistency between LLM-generated and
developer-adapted code snippets, which may influence sim-
ilarity scores. This was deliberate: our dataset consists of real
developer prompts, and applying transformations would
break correspondence with what was actually submitted
to the model, harming ecological validity. To prevent code
from contaminating textual prompt metrics, code segments
were separated from the natural language portion and re-
placed with placeholder IDs before computing readability
and structural features.

6.3.3 Internal Validity
To mitigate this risk, we followed a structured two-stage
process to elicit and refine the variables used in the study

(Section 3). In the first stage, candidate variables were iden-
tified through an expert workshop and consolidated using
explicit inclusion/exclusion criteria. In the second stage,
these variables were iteratively reviewed and refined across
multiple author meetings, with systematic checks against
the literature until saturation was reached. This procedure
ensured that the final set of independent and dependent
variables captured complementary and non-overlapping di-
mensions of prompt and output quality. While it remains
possible that some relevant variables were overlooked, the
resulting set is principled and transparent, thereby increas-
ing confidence in the internal validity of our findings and
offering a solid foundation for future replications with ex-
tended metrics.

6.3.4 External Validity

Our results may have been limited by the dataset we con-
structed. We adopted a thorough data collection process
and applied multiple filtering and corrective steps to ensure
balance and representativeness. Another limitation was that
we only considered prompts written in English, which re-
stricted the applicability of our findings to prompts formu-
lated in other languages. Moreover, because our dataset was
based solely on publicly available ChatGPT conversations
from GITHUB repositories, the findings may not have fully
generalized to proprietary or private development contexts.
In addition, the focus on maintenance and evolution tasks
meant that results might not generalize to other software
engineering activities, such as design or prototyping. Like-
wise, the restriction to single-turn conversations excluded
the more common multi-turn interactions, limiting gener-
alizability to real-world collaborative use cases. However,
this exclusion was a principled choice, motivated by the
need to guarantee internal validity: by isolating a single
prompt–response exchange, we avoided confounding ef-
fects introduced by iterative developer refinements across
turns, which would have made it difficult to attribute out-
comes to prompt characteristics alone and could have com-
promised the reliability of the statistical analysis. Another
potential limitation came from the evaluation of usefulness
and correctness through ICE-Score with GPT-4.1-mini as
the judging model, which may have introduced model-
specific biases; we mitigated this by selecting a strong and
widely adopted evaluator and by ensuring methodological
transparency to enable replication with alternative judges.
Finally, temporal validity also had to be considered: our
dataset was collected in early 2025, and both LLM technol-
ogy and prompting practices evolve rapidly. We addressed
this by basing our analysis on a recent snapshot of real-
world interactions, while making our dataset and scripts
publicly available to facilitate replications in different con-
texts and timeframes.

7 CONCLUSION

This study examined whether prompt-oriented metrics can
explain the quality of LLM-generated code. We analyzed
the conceptual consistency, correctness, and usefulness of
outputs in relation to prompt readability and structure.
Readability strongly predicted correctness and usefulness,
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while conceptual consistency was shaped by structural fac-
tors: more sentences improved alignment, whereas greater
lexical variety and non-perfective task framings reduced
it. Corrective prompts also tended to lower correctness
compared to perfective ones. Overall, these results indicate
that prompt quality is inherently multi-dimensional.

Our results inform a future research agenda, which
aims to explore multi-turn interactions, adopt causal de-
signs to establish stronger relationships, and develop tools
that provide developers with real-time feedback on prompt
readability and structure. Another promising direction con-
cerns the code snippets embedded within prompts. While
our study focused on the natural language component by
replacing code snippets with placeholders before computing
readability metrics, recent evidence suggests that the code
component also affects LLM behavior. For example, Pan et
al. [103] showed that code formatting influences token con-
sumption without substantially improving model perfor-
mance. These findings suggest that comprehensive prompt
quality models should jointly characterize both the natural
language and code components of developer prompts.
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