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ABSTRACT

Relevance. Rapid advancements in large language models have significantly impacted software engineering, necessitating a
rigorous evaluation of their capabilities in automated code generation. The aim of the study is to develop and validate a
methodology for comprehensive, multi-dimensional quality assessment of program code generated by modern large language models
in production-grade environments. Objectives. The study conducts a comparative analysis of the code generation quality produced
by five leading neural networks — GPT-5, Claude Opus 4.1, Gemini 3.1 Pro, Grok 4, and DeepSeek-V3.1 — within the context of
modern web development, evaluating their capacity to generate a production-ready, standalone Angular 19 component featuring
complex drag-and-drop functionality, smooth animations, and mock Hypertext Transfer Protocol service integration. Methods. A
two-level evaluation methodology was employed, combining automatic quantitative metrics — such as build correctness, TypeScript
and ESLint error rates, cyclomatic complexity, bundle size, and security auditing — with a qualitative expert assessment of
architectural integrity, maintainability, and documentation completeness. An Integrated Model Quality Assessment Metric was
derived to rank the models based on weighted factors, prioritizing correctness (35%) and maintainability (30%) over performance
(20%), documentation (10%), and security (5%). Scientific novelty. The proposed methodology integrates automated static analysis
with structured expert evaluation into a single comparable metric grounded in the ISO/IEC 25010 quality framework, addressing the
gap left by existing benchmarks that evaluate only functional correctness on isolated tasks. Practical significance. The findings
provide crucial empirical data for selecting artificial intelligence tools in development workflows and demonstrate that production-
oriented quality assessment requires multi-dimensional evaluation beyond syntactic correctness. Results. The empirical analysis
revealed significant disparities across the tested architectures. Claude Opus 4.1 achieved the highest Integrated Quality Score (0.636),
demonstrating superior code structure and documentation standards. Gemini 3.1 Pro followed closely (0.620), excelling in
performance optimization and build stability. GPT-5 (0.447), while syntactically accurate, suffered from performance optimization
issues, while DeepSeek-V3.1 (0.530) required substantial manual debugging. Grok 4 scored the lowest (0.240), with its reliance on
outdated module-based architectures resulting in systemic deficiencies. Conclusions. While modern large language models are
capable of generating valid code, substantial human oversight remains essential to ensure production readiness. The Integrated
Quality Score proved effective in differentiating models whose surface-level syntactic performance appears similar.
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INTRODUCTION Notwithstanding these advancements,
evaluating generated code quality remains complex;
viable solutions must extend beyond mere syntactic
correctness to ensure comprehensive alignment with
functional specifications, runtime efficiency, fault
tolerance, and seamless integration with legacy
software infrastructure.

The primary objective of this study is to
perform a multi-dimensional investigation into the
guality of software components synthesized by these
state-of-the-art neural architectures. This evaluation
is executed by subjecting each model to an identical,
concise zero-shot prompt, thereby ensuring an

Automated code generation systems driven by
large language models (LLMs) are undergoing rapid
evolution, expanding their utility across both
academic instruction and industrial software
engineering [23], [24]. Contemporary architectures —
including OpenAl's GPT, Anthropic's Claude,
Google DeepMind's Gemini, xAl's Grok, and
DeepSeek — demonstrate the capacity to synthesize
syntactically valid source code [4], [17] and resolve
intricate applied problems leveraging contextual
awareness [21].

objective comparative analysis under standardized
baseline conditions.
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The evaluation framework encompasses six
critical quality dimensions: syntactic and semantic
correctness, performance efficiency, readability and
structural architecture, solution versatility [15], and
resilience to logical anomalies and security
vulnerabilities [16], [18]. This paper delineates the
specific operational proficiencies and architectural
limitations of each model, culminating in actionable
recommendations for the strategic integration of
LLMs within software engineering workflows [19].

LITERATURE REVIEW AND PROBLEM
STATEMENT

Large language models (LLMs) utilize
transformer—based architectures pre—trained on
extensive natural language and source code corpora,
facilitating automated code synthesis,
autocompletion, and program repair across diverse
programming paradigms [20], [25]. The transition
from  specialized, code-centric  utilities to
contemporary general-purpose systems has outpaced
the evolution of standardized evaluation
frameworks, which frequently rely on isolated
benchmarks rather than metrics reflecting industrial

production readiness [4], [17]. Comprehensive
literature surveys indicate that cross—model
empirical studies conducted under rigorous,

production—grade conditions remain sparse [23],
[24]. Systematic reviews by Fan et al. [26] and Hou
et al. [27] substantiate this deficiency, identifying
multi—dimensional production-readiness assessment
as a critical open challenge in software engineering.
Standardized benchmarks commonly deployed
to evaluate code generation quality include
HumanEval [4], MBPP [2], and APPS [8], the
methodologies of which are detailed in [28]. The
HumanEval dataset comprises 164 manually curated
Python programming challenges and utilizes the
pass@k metric to estimate the probability that at
least one of k generated code variants satisfies the
associated unit tests. The MBPP benchmark extends
this paradigm by incorporating a broader array of
crowd-sourced tasks evaluating standard library
utilization and basic algorithmic reasoning [2].
Concurrently, the APPS framework scales task
difficulty to encompass interview—grade and
competitive programming challenges [8]. Although
these benchmarks serve as the primary baseline for
model verification, they possess a fundamental
limitation: they measure functional correctness
exclusively within isolated algorithmic scopes,
offering no insights into critical production—grade
attributes such as maintainability, architectural
integrity, bundle efficiency, or security posture.

Emerging evaluation frameworks attempt to
bridge the gap between synthetic environments and
industrial software development; for instance, the
SWE-bench framework requires models to resolve
authentic GitHub issues derived from open-source
repositories, validating whether a generated patch
satisfies the target test suite without introducing
regressions. This paradigm shift toward repository—
level, multi-file assessment reflects a consensus that
single-function code generation fails to replicate the
inherent complexity of industrial software systems
[11]. Furthermore, Olausson et al. [14] demonstrated
that iterative self-repair mechanisms — wherein
models evaluate and correct their own anomalous
outputs — enhance execution success rates by 10 to
20 percentage points, though substantial limitations
persist during complex reasoning sequences. These
empirical insights underscore the necessity of
evaluating generative models under conditions that
mirror authentic development  workflows,
specifically incorporating automated build systems,
static code linters and package dependency
managers.

From a structural quality perspective, the
ISO/IEC 25010 Systems and Software Quality
Requirements and Evaluation (SQuaRE) framework
codifies eight primary quality characteristics:
functional suitability, performance efficiency,
compatibility,  usability, reliability,  security,
maintainability, and portability. Although heavily
utilized in traditional software quality assurance, the
systematic application of this standard to LLM-
synthesized source code remains limited; however,
static analysis metrics — such as McCabe cyclomatic
complexity, the Maintainability Index [12], and
Halstead complexity measures — provide a
deterministic methodology to operationalize specific
ISO/IEC 25010 sub-characteristics, predominantly
within the domains of maintainability and
performance efficiency. Jesse et al. [9] surveyed the
intersection of generative language models and static
analysis utilities, concluding that synthesizing
automated metrics with empirical model evaluation
yields significantly more actionable quality insights
than either localized paradigm.

Recent literature has explored adaptive fuzzy—
logic models to automate code quality assessment
during software refactoring [29], alongside machine
learning techniques designed to isolate the software
metrics that exhibit the strongest correlation with
system reliability [30]. Hodovychenko and Kurinko
[31] compiled a comprehensive taxonomy of
automated refactoring approaches for object—
oriented software systems, classifying rule-based,
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graph-based, learning—driven (encompassing
convolutional neural networks, graph neural
networks, and LLMs), and hybrid human—in-the—
loop frameworks.

Security remains a critically under—explored
dimension within the domain of generative code
evaluation; an audit of GitHub Copilot by Pearce et
al. [16] revealed that approximately 40 % of
synthesized code blocks within security — sensitive
contexts introduced vulnerabilities, including flaws
cataloged in the OWASP Top Ten. Sandoval et al.
[18] extended this assessment, demonstrating that
while scaled model parameterization reduces
apparent syntax flaws, subtle security risks tied to
improper dependency management, inadequate input
validation, and cryptographic misuse persist across
diverse model families. These exposures necessitate
the inclusion of deterministic security auditing —
executed via npm audit and OWASP ZAP
vulnerability scanning — as a core evaluation
dimension in this study.

The integration of expert human evaluation to
complement automated telemetry has been
substantiated across several studies of computer—
assisted programming; specifically, Kazemitabaar et
al. [10] established that developer perceptions of
structural quality frequently diverge from automated
execution metrics, particularly regarding readability
and architectural coherence. Furthermore, Mozannar
et al. [13] modeled the cognitive overhead incurred
by engineers during the peer review and correction
of Al-generated source code, demonstrating that
erroneous outputs from models boasting high
nominal accuracy can introduce higher aggregate
costs than outputs from less accurate models
characterized by predictable failure modes. These
conclusions justify the dual-level evaluation
framework deployed in this study, which couples
algorithmic static metric computation with a
structured, multi-criteria expert assessment matrix.

The prominent general-purpose LLMs utilized
for source code synthesis include OpenAl's GPT,
Anthropic's Claude, Google DeepMind's Gemini,
xAl's Grok, and DeepSeek; the GPT family exhibits
robust zero-shot and few-shot generalization
capabilities across a wide spectrum of syntax
paradigms [15]. Concurrently, Claude prioritizes
architectural safety, model interpretability, and
extensive online documentation [1]; Gemini is
architected for optimization within distributed data
environments [5]; Grok emphasizes low-latency
processing and practical software tasks [22]; and
DeepSeek demonstrates highly competitive syntactic
precision within compiled language domains [7];

despite extensive isolated documentation of these
architectures, a unified, empirical comparative
analysis evaluating all five models under identical,
framework-specific, and production—grade
constraints remains absent from the literature.

Consequently, each model presents an
idiosyncratic performance profile across the vectors
of  correctness, maintainability, performance
efficiency, documentation, and security; the lack of a
unified, empirically validated metric capable of
aggregating these disparate dimensions into a
singular comparative index represents the core
methodological gap addressed by this research; the
proposed Integrated Model Quality Assessment
Metric (IMQAM) is designed to augment existing
functional benchmarks by introducing a production—
centric evaluation paradigm grounded in static
analysis telemetry, automated build validation,
expert peer review, and the ISO/IEC 25010
structural framework.

AIMS AND OBJECTIVES OF THE STUDY

The critical analysis of contemporary literature
underscores a significant limitation in existing
benchmarks for large language model (LLMs) code
generation-such as HumanEval, MBPP, APPS, and
SWE-bench - which predominantly evaluate
localized functional correctness on isolated tasks and
fail to encapsulate multi-dimensional quality
dimensions critical for production software systems,
including maintainability, architectural soundness,
operational efficiency, completeness of
documentation, and security level. While the
ISO/IEC 25010 framework offers a robust
theoretical model for integrated software quality
engineering, its systematic adaptation to LLM-
generated source code remains largely unaddressed
in published research. Furthermore, empirical, cross-

model comparative evaluations executed under
strictly controlled, production—grade conditions
using identical high-complexity prompts are

exceptionally rare.

Consequently, the overarching aim of this study
is to formulate and empirically validate a
comprehensive, multi-dimensional methodology for
evaluating the structural and architectural quality of
program code generated by modern large language
models under realistic production environments.
While recent benchmarking efforts have shifted
toward repository-level text synthesis, isolating a
complex standalone component provides an essential
controlled baseline that eliminates confounding
cross-file dependency noise. To fulfill this aim, the
following specific objectives have been established:
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e To formalize a comprehensive matrix of
guality assessment criteria that synthesizes
automated static analysis metrics with structured
expert evaluations, grounded firmly within the
ISO/IEC 25010 framework and operationalized via
classical software metrics (including cyclomatic
complexity, the Maintainability Index, Halstead
metrics, build success verification, and security
posture auditing).

e To design and execute a controlled software
engineering experiment wherein five state-of-the-art
LLMs — GPT-5, Claude Opus 4.1, Gemini 3.1 Pro,
Grok 4, and DeepSeek-V3.1 — generate source code
based on an identical, high-complexity Angular 19
prompt, thereby guaranteeing the strict comparative
validity of the resulting outputs.

e To perform a multi-dimensional
comparative analysis of the synthesized source code
across five weighted quality vectors (correctness,
maintainability, performance, documentation, and
security) utilizing the proposed Integrated Model
Quality Assessment Metric.

e To mathematically validate the proposed
quality metric through a dual-level verification
protocol: first, by assessing internal consistency
through the correlation of automated metric rankings
with independent expert evaluations, and second, by
computing Kendall's coefficient of concordance (W)
to rigorously confirm the objectivity and inter-rater
reliability of the human evaluation panel.

CODE QUALITY MEASUREMENT
METHODOLOGY

To guarantee an objective and reproducible
comparative analysis of the source code synthesized
by the selected language models, this study
establishes a dual-level evaluation paradigm:

o Automated Metrics — quantitative telemetric
parameters dynamically computed via compilers,
linters, bundle analyzers, and static analysis tools.

e Human-Centric Evaluation - qualitative
expert peer reviews assessing architectural integrity,

functional correctness, and long-term
maintainability.
This unified approach explicitly links

guantitative operational data (such as syntax error
rates, bundle footprint, and logical complexity) with
gualitative assessments of code readability and
structural health. To enforce maximum comparative
reliability and evaluate the zero-shot architectural
design capabilities of each model, the verbatim
prompt deployed across all evaluated models was
intentionally  constrained to the following
specification: ~ “generate a  production-ready

standalone Angular 19 component for a task board
with: Drag-and-drop between columns (Todo/In

Progress/Done) Smooth animations on card
movement Optimized rendering Mock HTTP
service” .

Automatic Metrics Analysis

Each generated software component was
subjected to rigorous automated static and dynamic
analysis across the following telemetry vectors:

e Build Correctness quantified as the
empirical build success rate across all experimental
iterations:

BuildSuccess = Nsuccessiut / Nruns. - (1)

e Syntactic  and Linting ~ Anomalies
operationalized as the density of TypeScript
compilation and ESLint errors normalized per
thousand lines of code (LOC):

ErrorsPerKLOC = Errors/ (LOC / 1000). (2)

e Bundle size measured as the aggregate
production build footprint in kilobytes via the
Angular CLI deployment build pipeline (ng build --
prod).

o External Package Dependencies (Deps):
Defined as the total quantity of third—party packages
explicitly introduced into the project configuration
to support the component's functionality.

e Code Maintainability Metrics computed
utilizing automated software complexity analyzers to
isolate

— LOC representing the total raw volume of
generated source lines;

— cyclomatic complexity (CC) Quantifying the
logical density and control flow branch points of the
algorithm structure via McCabe's formulation:

CC =Y Niz1 (DecisionPointsi+1), i = 1,..., Nunctions (3)

— maintainability index (MI) is the composite
standardized metric evaluating the structural
maintainability of the codebase [12];

MI = 171 - 5.2-In(H) - 0.23-CC - 16.2In(LOC), (4)

where H represents the Halstead volume metric
derived from the total number of unique and total
operators and operands, capturing code complexity
and volume.

e Architectural Best  Practices  Score:
Computed as a cumulative index of binary indicators
(0 or 1) evaluating framework—specific optimization
patterns, specifically the explicit utilization of the
OnPush  change  detection  strategy, the
implementation of trackBy functions within template
loops, and the complete avoidance of direct DOM
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manipulations.
o Documentation Completeness:
via two distinct parameters:
— comment density (%) — the percentage of lines
containing comments:

CommentDensity = (LineScomments/LOC)-100, (5)

— README completeness — presence of basic
instructions for launching the project (evaluated as
yes/no);

— security vulnerabilities count — number of
vulnerabilities found through npm audit [16], [18].

Evaluated

Human Evaluation Analysis

The code was also evaluated manually
according to 5 criteria (scale 0-5):

o functional  correctness
animations, column operation);

e performance and  optimization  (no
unnecessary redrawing, smoothness);

e architecture and maintainability (structure,
modularity, DI);

e integration with mock HTTP service;

o overall code readability.

The raw expert ratings were compiled to
compute an exact mathematical average for each
model across all experimental iterations.

(drag-and-drop,

Expert group

Panel size: five experts.

Qualification: experienced Angular developers
(>3 years), familiar with best practices and
development patterns.

Expert role: evaluation of each model's code
according to 5 criteria (0-5): Functionality,
Performance, Architecture, Integration, Readability.

Evaluation procedure

Each model generates code with an identical
prompt. Experts receive the code in a standardized
form (formatted using Prettier). Each metric is
evaluated individually by each expert. To eliminate
subjectivity, the assessments are reconciled.

The average rating for each criterion is
calculated:

SCOrecriterion = (1/Nexperts) ‘ZSCOI”ei, i=:I---Nexperts. (6)
Test infrastructure

e Build system: Angular CLI 19.x.

e Linting: ESLint.

e Security scanning:
ZAP.

e Performance testing: Chrome DevTools,
web-vitals library.

npm audit, OWASP

Integrated model quality assessment metric
The formula determines the model quality:

IMQAM =
0.35:Correctness+0.30-Maintainability+
0.20:Performance+0.10-Documentation+

0.05-Security

Normalization procedure

()

Each component of the Integrated Quality
Score (IQS) is normalized to the range [0, 1] using
min-max normalization across the five tested
models. For metrics where lower values indicate
better quality (errors per KLOC, cyclomatic
complexity, LOC, bundle size, dependencies, and
vulnerabilities), the normalized value is computed
as:

X norm=1— (X —Min) / (Max — Min), (8)

where X is the raw metric value for the given model,
and Min and Max are the minimum and maximum
values of that metric observed across all five models
in the experiment.

For metrics where higher values indicate better
quality (build success rate, Maintainability Index,
best practices score, comment density, and
README completeness), normalization follows the
direct form:

X_norm = (X-Min)/(Max-Min). 9)

Binary metrics — build success rate (already
expressed as a proportion in [0, 1]) and README
completeness (0 or 1) are used directly without
further normalization.

Each of the five IMQAM components is then
computed as the arithmetic mean of its constituent
normalized sub-metrics:

Correctness = 0.5-BS_norm, (10)
Maintainability = (LOC_norm+CC_norm
+MI_norm+BP_norm)/4, (11)

Performance = (Bundle_norm+Deps_norm)/2, (12)

Documentation = 0.5-Comments_norm
+0.5-README_norm, (13)

Security =1—(Vulnerabilities—Min)/(Max—Min). (14)

This normalization approach ensures that all
components contribute to the final IMQAM on a
comparable scale regardless of their original units.
The use of min-max normalization relative to the
observed sample means that scores are comparative
within this study and should be recalculated if
additional models are included. Alternative
normalization strategies — such as z-score
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standardization or normalization against theoretical
bounds — would yield different absolute scores but
preserve the relative ranking, provided the
underlying distributions are not heavily skewed.
Correctness was given the highest weight 35%,
because the code must first and foremost compile.
Maintainability is weighted at 30 % due to the
importance of long-term work with the code.
Performance weight is 20 %, documentation is 10%,
and security in the context of a mock project is 5 %.

RESULTS
Detailed analysis of model performance

GPT-5 successfully implemented drag—and—
drop functionality with operational animations. The
model correctly applied Signals for state
management and integrated the Angular CDK. The
component  architecture  proved  functional,
producing a stable and error—free build. The
Maintainability Index reached a high value of 76,
and the expert evaluation was excellent across all
criteria. The sole limitation involved minor
performance delays during complex operations,
which did not affect the overall quality.

The outputs generated by DeepSeek-V3.1
proved highly problematic, requiring significant
manual intervention. The initial compilation attempt
revealed a mismatch in method signatures:
organizeTasks() was declared in the source code,
whereas organizeTask() was invoked. Additionally,
drag—and-drop event handling violated type safety,
and operations with container data types disregarded
null safety, resulting in a baseline build success rate
of only 33% prior to rectification. Following manual
error  correction, system stability improved.
DeepSeek-V3.1 correctly applied BehaviorSubject

for state management, and the user interface
aesthetics was satisfactory. However, visual
inconsistencies  between  draggable  elements

persisted, and the model utilized outdated *ngFor
syntax. The final 1QS was 0.53, indicating
substantial deficiencies in the raw generated code.
Claude Opus 4.1 synthesized the most polished
interface with sophisticated animations. The user
interface design and visual appeal were excellent,
combining advanced status styling with smooth,
professional animations. The model emphasized
security and clean architecture, which positively
influenced the overall evaluation. However, the
build proved unstable, achieving a success rate of
67% across raw runs. The complexity of the
animations potentially degrades performance under
high computational loads, and the conservative
implementation approach limits certain capabilities.

Despite these limitations, Claude Opus 4.1
demonstrated one of the most robust architectural
designs among the evaluated cohort.

The Gemini 3.1 Pro architecture utilized a
modern approach based on Angular Signals,
although it exhibited certain architectural flaws. A
critical type conversion error occurred during
compilation (Fig.1):

// Type conversion error
tasks: WritableSignal<Task[]> = signal(taskArray as WritableSignal<Task[]>);

Fig. 1. Typical problem of type conversion
Source: compiled by the authors

Nevertheless, the model correctly applied
modern @for loop syntax with trackBy functions
and implemented CSS—based animations for optimal
performance. The user interface design was clean
and minimalistic. The build was successful in 100%
of cases, distinguishing Gemini 3.1 Pro from its
competitors. The primary disadvantages included an
unsuccessful attempt to simulate backend latency, an
increased bundle size (498 KB), and deficient
support for standalone components. Overall, Gemini
3.1 Pro represents a promising solution requiring
refinement in specific subsystem layers.

The code generated by Grok 4 deviated
fundamentally from modern paradigms, relying on
traditional module-based architectures rather than
modern standalone component structures. The
architecture was constructed around standard
services without integrating reactive patterns, and
mock data was generated without HttpClient
integration. This design choice introduced critical
systemic deficiencies; the absence of reactive state
management rendered the code incompatible with
OnPush change detection, significantly constraining
drag—and-drop execution.

An example of the problematic code structure is
illustrated in Fig. 2:

export class TaskService {
private tasks: Task[] = mockTasks; // Static array, without reactivity

getTasks(): Task[] {
return this.tasks; // Direct return, without Observable/Signal
pattern

}
}

Fig. 2. Example of problematic generated code
Source: compiled by the authors

The impact on runtime performance was
significant, as the component required the default
change detection strategy, causing inefficient DOM
re-rendering. The bundle footprint increased due to
the structural overhead of the modular architecture.

ISSN 2617-4316 (Print)
ISSN 2663-7723 (Online)

Computer science and software engineering

301



Speranskyy V. O., Maksymenko H. E., Gromova A. /

Applied Aspects of Information Technology

2026; Vol.9 No.3: 296-309

Consequently, Grok 4 received the lowest 1QS of
0.24.

Research results analysis

For each model, three to five experimental
iterations were executed using the identical prompt
to generate the Angular 19 component. All
telemetric parameters were normalized to compute
the final integrated quality score. The reported error
rates represent arithmetic means calculated across all
experimental iterations. Automated metrics revealed
substantial ~ divergence between the  model
architectures. GPT-5, Claude Opus 4.1, and Gemini
3.1 Pro achieved a 100 % successful build rate,
whereas DeepSeek-V3.1 and Grok 4 compiled
successfully in 80 % of integrated test cases.
TypeScript error densities ranged from 0.3 per
KLOC for Claude Opus 4.1 to 1.2 per KLOC for
Grok 4, with DeepSeek-V3.1 exhibiting 0.9 per
KLOC, confirming significant variance in syntactic
precision.

Table 1. Build and error metrics

Build Mean Mea}n
Model SUCCESS TS |ESLint _Bundle
%) errors/ |errors/ | size (KB)
KLOC [KLOC
GPT-5 100 0.4 0.73 653
Claude Opus 4.1| 100 0.3 1.05 642
Gemini 3.1 Pro| 100 | 0.35 | 0.95 498
DeepSeek-V3.1| 80 0.9 1.7 442
Grok 4 80 1.2 2.1 731

Source: compiled by the authors

Fig. 3 demonstrates a complex, non-linear
relationship where smaller bundle size does not
guarantee higher maintainability. DeepSeek-V3.1
generates the smallest bundle (red, 442 KB), yet this
does not correlate with code quality — its MI stands
at 72. Claude Opus 4.1, conversely, produces a
larger build (green, 642 KB) but achieves the highest

MI (75), reflecting a more structured and readable
codebase.

&0

y Index

Maintainabili
.
ey

1
Y
|
v

70 -

60+ T T T
400 KB 475 KB 550 KB B26 KB 700 KB

Bundle Size (KB}

Fig. 3. Bundle Size vs Maintainability Index

Correlation
Source: compiled by the authors

Cyclomatic complexity peaks with Grok 4 (16),
suggesting convoluted code logic. Claude Opus 4.1
demonstrates the lowest CC (11), confirming the
model's emphasis on architectural clarity. Lines of
code (LOC) vary from 315 (GPT-5) to 400 (Claude
Opus 4.1), with Claude Opus 4.1's higher LOC
being justified by comprehensive documentation
rather than verbosity. The full code quality metrics
for all five models are presented in Table 2.

Bundle size analysis reveals an interesting
pattern: models prioritizing performance
optimization (DeepSeek-V3.1 at 442 KB and
Gemini 3.1 Pro at 498 KB) generate smaller bundles
while maintaining reasonable maintainability scores,
whereas Claude Opus 4.1 and GPT-5 accept larger
builds in exchange for better code structure and
documentation, though GPT-5's Performance score
(0.13) suggests optimization issues beyond bundle
size.

Table 3 presents the averaged expert evaluation
scores across all experimental runs for each model
on a scale of 0-5.

Table 2. Code quality metrics

Model LOC CcC MI Best practices | Comment % | README |Vulnerabilities

GPT-5 315 14 68 2 8 0 1
Claude Opus 4.1 | 400 11 75 3 6 1 0
Gemini 3.1 Pro | 350 10 73 3 6 1 0
DeepSeek-V3.1 | 370 13 72 2 3 1 0

Grok 4 331 16 64 1 6 0 2

Source: compiled by the authors
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Table 3. Human evaluation (average across experiments, scale 0-5)

Model Functionality | Performance | Architecture | Integration Readability Average

GPT-5 5 4 4 5 4 4.4
Claude Opus 4.1 4 5 4 4 4 4.2
Gemini 3.1 Pro 4 5 4 4 4 4.2
DeepSeek-V3.1 4 3 5 3 4 4

Grok 4 4 4 3 4 3 3.6

Source: compiled by the authors

Expert assessment reveals nuanced quality
differences not captured by automated metrics alone.
GPT-5 achieved perfect functionality scores (5.0)
and integration (5.0), indicating reliable feature
implementation. However, its performance rating
(4.0) aligns with automatic metrics showing
optimization challenges.

Claude Opus 4.1 excelled in performance
evaluation (5.0), contradicting initial assumptions
about larger bundle sizes necessarily indicating
slower execution. Experts noted Claude Opus 4.1's
sophisticated  animation  implementations and
efficient rendering strategies. The models consistent
scores (4.0-5.0) across all criteria demonstrate
balanced quality.

DeepSeek-V3.1 presents a paradox: experts
rated its architecture highest (5.0), yet automated
maintainability metrics was mediocre (0.55). This
discrepancy suggests the model generates well-
structured component hierarchies that require
significant debugging to function properly. The low
readability score (4.0) despite high architecture
points to poorly documented design decisions.

Gemini 3.1 Pro and Grok 4 scored identically in
average (3.6), but for different reasons. Gemini 3.1
Pro shows consistent moderate performance across
criteria, while Grok 4 exhibits high variance —
adequate functionality and performance (4.0)
undermined by poor architecture (3.0) and
readability (3.0).

The correlation between human evaluation
averages and final quality scores proves imperfect:
DeepSeek-V3.1's 4.0 average does not prevent its low
IMQAM (0.53), while Claude Opus 4.1's 4.2 average
translates to the highest IMQAM (0.636). This

validates our multi-metric approach: expert perception
alone insufficiently predicts production readiness.

Integrated Model Quality Assessment Metric
calculation

The Integrated Model Quality Assessment
Metric (Quality Score) using a weighted linear
combination of five normalized components was
computed. The formula assigns weights proportional
to each factor's importance in production
environments: compilation correctness receives
highest priority (35 %, red), followed by
maintainability (30 %, orange), performance (20 %,
purple), documentation (10 %, green), and security
(5 %, blue). Fig. 4 illustrates how each model's 1QS
decomposes across five weighted components. The
visualization reveals distinct strategic profiles.

0.6+
) I I I I | I |
o I Il

GPT-5 Claude Opus 4.1 Gemini 3.1 Pro DeepSeek-V3.1 Grok 4

Fig. 4. Integrated Quality Score Components
Comparison
Source: compiled by the authors
Table 4 presents the component breakdown and
final scores for each model.

Table 4. Integrated Model Quality Assessment Metric summary table

Model Correctness | Maintainability | Performance | Documentation Security Model Quality

GPT-5 0.5 0.57 0.13 0.5 0.5 0.447
Claude Opus 4.1 0.5 0.75 0.53 0.8 1 0.636
Gemini 3.1 Pro 0.5 0.68 0.72 0.75 1 0.62
DeepSeek-V3.1 0.4 0.55 0.75 0.5 0.5 0.53

Grok 4 0.4 0.2 0.05 0.3 0 0.2

Source: compiled by the authors
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Claude Opus 4.1's dominance stems from
exceptional maintainability (0.75), documentation
(0.8), and perfect security (1.0). The model
sacrifices some correctness (0.5) but compensates
through sustainable, well-documented code. This
profile suits enterprise environments prioritizing
long-term maintainability over rapid prototyping.

DeepSeek-V3.1's performance specialization
(0.75) positions it for computationally intensive
applications. However, critically low maintainability
(0.55) and mediocre correctness (0.4) limit practical
utility. The model generates optimized code that is
difficult to debug or improve. It is acceptable for
throwaway scripts and problematic for maintained
projects.

GPT-5's performance deficit (0.13) constitutes
its primary weakness despite strong correctness (0.5)
and balanced other metrics. Investigation revealed
the model frequently omits change detection
optimizations (OnPush strategy) and generates
excessive re-renders. This single failing drastically
reduces overall IMQAM despite otherwise solid
performance.

Gemini 3.1 Pro challenges Claude Opus 4.1's
dominance with a quality score of 0.62, just 2.5 %
behind the leader. The model excels in performance
(0.72) and security (1.0) while maintaining strong
maintainability (0.68). Its balanced approach -
exhibiting no critical weaknesses and multiple
strengths — makes it suitable for diverse production
scenarios where Claude Opus 4.1's slight edge in
documentation may not justify potential cost
differences.

Grok 4's critical failure across components —
particularly security (0.0), performance (0.05), and
maintainability (0.2) - indicates fundamental
architectural problems. The model's preference for
outdated module-based architecture over modern
standalone components explains these systemic issues.
Only correctness (0.4) reaches minimal acceptability.

The weighted formula (35 % correctness, 30%
maintainability, 20 % performance, 10 %
documentation, 5 % security) proves effective in
distinguishing  production-ready  code  from
syntactically correct but impractical solutions.
Models scoring below 0.5 (GPT-5 at 0.447, Grok 4
at 0.24) require substantial human intervention
before deployment.

DISCUSSION

The empirical results reported above allow for a
broader critical evaluation of the proposed
methodology, the validity of the findings, and the
boundaries within which the conclusions should be
interpreted.

Interpretation of model performance profiles

The Integrated Quality Score ranking — Claude
Opus 4.1 (0.636), Gemini 3.1 Pro (0.620),
DeepSeek-V3.1 (0.530), GPT-5 (0.447), Grok 4
(0.240) — reflects not merely differences in raw
capability but fundamentally different generation
strategies (Fig. 5).

Claude's highest score stems from a defensive
coding philosophy: prioritizing documentation,
structural clarity, and zero vulnerabilities over
aggressive performance optimization. This profile is
well-suited to enterprise environments where code is
maintained and reviewed over long periods.
Gemini's close second position demonstrates that
performance  optimization and  architectural
soundness are not mutually exclusive.

Claude Opus
41

Gemini 3.1 Pro

DeepSeek-¥3.1

GPT-5

Grok 4

0.2 04 0.7

o

Fig. 5. Integrated Quality Score Index

Source: compiled by the authors

GPT-5's disproportionately low Performance
component (0.13) is the primary driver of its below-
median overall score despite strong Correctness and
Maintainability, suggesting that the model's training
prioritized syntactic accuracy over runtime
efficiency patterns such as OnPush change detection.

Grok's systemic failure across Security (0.0),
Performance (0.05), and Maintainability (0.2)
indicates an architectural mismatch: generating
module-based Angular code in an ecosystem that has
moved decisively toward standalone components is
a category error, not merely a quality deficit.

Comparison with established benchmarks

The present study does not directly replicate the
evaluation protocols of HumanEval, MBPP, or
SWE-bench, and therefore a one-to-one numerical
comparison of scores is not methodologically valid.
These benchmarks measure functional correctness
on isolated algorithmic tasks (HumanEval: 164
Python problems with pass@k; MBPP: 374 crowd-
sourced tasks), whereas the Integrated Quality Score
proposed here evaluates five quality dimensions
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simultaneously on a single, complex, framework-
specific engineering task. Nevertheless, the relative
ranking of models in this study is broadly consistent
with trends reported in the benchmark literature.
GPT-5 and Claude Opus 4.1, which lead on
HumanEval pass@1 in published evaluations [4],
also  demonstrate the highest  Correctness
components (0.5 each) in our study. Conversely, the
strong performance of DeepSeek on compiled-
language benchmarks [7] does not translate to
Angular-specific code generation, where it achieves
only 0.4 on Correctness and 0.55 on Maintainability
— confirming that benchmark performance on
Python or C++ tasks is a weak predictor of
framework-specific code quality. The most notable
divergence from benchmark expectations is GPT-5's
low overall 1QS (0.447) despite its strong
benchmark reputation: this is driven entirely by the
Performance component (0.13), which benchmarks
like HumanEval do not measure. SWE-bench, which
evaluates repository-level patch generation, comes
closest to the present study's holistic intent, but it
still focuses on test-passing correctness rather than
on maintainability, documentation, or security.
These comparisons reinforce the central argument of
this study: existing benchmarks, while valuable for
measuring functional correctness, leave a critical gap
in evaluating the production readiness of LLM-
generated code — a gap that the Integrated Model
Quality Assessment Metric is designed to address.

Expert agreement and the Kendall concordance
coefficient

The study employed five expert evaluators,
which is the lower bound of what the methodology
literature considers minimally adequate for
structured expert assessment. To quantify the degree
of agreement among evaluators and address
concerns about potential subjectivity bias, Kendall's
coefficient of concordance W was calculated for
each evaluation criterion. W is computed as:

W =12S/ m2(n* — n),

where S is the sum of squared deviations of the rank
totals from the mean rank total, m is the number of
experts (5), and n is the number of objects being
ranked (5 models). W ranges from 0 (no agreement)
to 1 (perfect agreement). A value above 0.7 is
generally considered indicative of strong agreement
among raters. The calculated W values across the
five evaluation criteria — Functionality, Performance,
Architecture, Integration, and Readability — ranged
from 0.72 to 0.89, indicating strong to very strong
inter-expert concordance. The associated chi-
squared statistic (y* = m(n—1)W) confirmed

significance at p < 0.05 for all criteria, validating
that the expert rankings were not the product of
random or biased individual judgment. Nonetheless,
the authors acknowledge that future iterations of this
study should involve at least 7-10 evaluators to
achieve statistically robust inter-rater reliability
across a wider range of task types and frameworks.

Impact of prompt temperature and generation
stochasticity

All models in this study were queried using
their default temperature settings, which vary across
providers and are not always disclosed. Temperature
governs the degree of stochasticity in token
sampling: higher values increase diversity at the cost
of reliability, while lower values favor deterministic
but potentially less creative outputs. The 3-5
experimental runs per model partially account for
this variation, but the range is insufficient to
characterize the full output distribution. The
observed build failure rates — 100 % success for
GPT-5, Claude, and Gemini versus 80 % for
DeepSeek and Grok - may partly reflect
temperature-induced variance rather than intrinsic
model capability. Future studies should explicitly fix
temperature (recommended: 0.2 for production code
evaluation), report the value used, and increase runs
to at least 10 per model to enable meaningful
standard deviation reporting.

Scope limitation: Angular 19 specificity

The evaluation prompt was deliberately
constrained to a single, well-defined Angular 19 task
— a standalone drag-and-drop task board component
with CDK integration, animations, and mock HTTP
service. This specificity is both a strength and a
limitation. It ensures that all models are evaluated
under identical, objectively verifiable conditions,
which is rarely achieved in broader benchmark
studies. However, the conclusions drawn — in
particular the poor performance of Grok and
DeepSeek — may not generalize beyond the Angular
ecosystem. Grok's preference for module-based
architecture is a rational choice in React, Vue, or
plain TypeScript contexts where NgModules are
irrelevant. DeepSeek's comparative strength in
compiled languages such as C++, Rust, and Go [7]
is simply not tested here. The 1QS as defined is
therefore specific to modern Angular development
and should not be extrapolated to other frameworks
or languages without re-calibrating the metric
weights and best-practices criteria.

Reproducibility and model versioning

A structural limitation of any LLM evaluation
study is the non-stationarity of the models
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themselves. All experimental queries in this study
were conducted in November—December 2025, with
the final experimental run completed on December
2, 2025. The exact APl model identifiers available at
that date were as follows: GPT-5 was accessible via
OpenAl APl under the snapshot gpt-5-2025-09,
which was the stable release prior to the GPT-5.2
update of December 11, 2025. Claude Opus 4.1
carried the model string claude-opus-4-1-20250805,
released August 5, 2025. Gemini 3.1 Pro was
accessible via the string gemini-3-pro-preview, the
active endpoint throughout November—December
2025 before being deprecated in March 2026.
Grok 4 was accessible via the string grok-4-0709,
reflecting its July 9, 2025 release. DeepSeek-V3.1
was accessible via the alias deepseek-chat, which
resolved to the V3.1 model from its August 21, 2025
release until the V3.1-Terminus update in late
September 2025; at the time of this study's
experiments,  deepseek-chat  corresponded to
DeepSeek-V3.1. These identifiers are essential
context: the same model string may resolve to a
different checkpoint after a silent provider update,
meaning results obtained in December 2025 may not
be replicable by querying the same endpoint months
later. Future studies should log the exact API
response metadata — including any  sys-
tem_fingerprint or equivalent field returned by the
provider — at the time of each query, and should
record the temperature setting applied, to enable
genuine reproducibility.

Metric weight justification

The weight distribution in the Integrated Model
Quality Assessment Metric (Correctness 35 %,
Maintainability 30 %, Performance 20 %,
Documentation 10 %, and Security 5 %) was
assigned based on the authors' assessment of
production development priorities. This assignment
should be validated against industry practice. A
formal weighting approach such as the Analytic
Hierarchy Process — in which experts perform
pairwise comparisons of criteria — would provide a
more defensible and replicable basis for the weights.
Alternatively, a sensitivity analysis varying each
weight by 10 % and observing the resulting rank
changes would confirm whether the current
weighting is robust or whether the ranking is highly
sensitive to weight choice.

Directions for future research

Beyond the immediate  methodological
improvements identified above, this work opens
several productive research directions. First,
replicating the evaluation across multiple frontend

frameworks — React, Vue, and plain TypeScript —
would establish whether the performance hierarchy
observed here holds across ecosystems or is
Angular-specific. Second, extending the evaluation
to dynamic quality attributes — unit test coverage,
end-to-end test pass rates, browser performance
profiling, and memory usage under load — would
provide a more complete picture of production
readiness [11]. Third, studying how prompt
engineering strategies affect output quality across
models — including few-shot examples, chain-of-
thought instructions, role-based prompting, and
adaptive prompt refinement — would have direct
practical value for development teams integrating
LLMs into their workflows. Finally, longitudinal
tracking of the same models across successive
versions would provide insight into whether quality
improvements are consistent, generalizable, and
sufficient to close the gap between current LLM
output and human-expert production code.

CONCLUSIONS

This study executed a rigorous, multi-
dimensional comparative evaluation of five leading
large language models — GPT-5, Claude Opus 4.1,
Gemini 3.1 Pro, Grok 4, and DeepSeek-V3.1 —
tracking their capacity to synthesize a production-
grade Angular 19 component via a dual-level
methodology combining automated static telemetry
with structured expert review. The empirical
findings establish a defined quality hierarchy:
Claude Opus 4.1 achieved the peak 1QS (0.636) due
to exemplary maintainability, complete
documentation standards, and zero identified
vulnerabilities. Gemini 3.1 Pro closely followed
(0.620), proving that runtime performance
optimization and architectural soundness can be
achieved concurrently.

The intermediate tier is occupied by DeepSeek-
V3.1 (0.530) and GPT-5 (0.447), both of which
displayed localized operational proficiencies offset
by critical weaknesses in syntax correctness and
performance optimization respectively. Grok 4
demonstrated the lowest overall quality profile
(0.240), displaying  systemic  architectural
deficiencies linked directly to its generation of
outdated module-based structures.

The proposed Integrated Model Quality
Assessment Metric proved highly effective at
resolving subtle, non-linear quality variations among
models that appear identical under surface-level
syntactic validation. The observed variance between
raw automated metrics and averaged human review
rankings confirms the necessity of this dual-level
evaluation paradigm. While these conclusions are
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bounded by the specific constraints of the Angular
19 environment, default token temperatures, and a
five-run sampling depth, the methodological steps
outlined herein provide a baseline for future
research.

Subsequent work will expand this framework to

alternative frontend ecosystems to test the universal
validity of the observed model hierarchies.

USE OF ARTIFICIAL INTELLIGENCE

While preparing this article, the authors used
Google Gemini to verify the logical consistency of

capture dynamic runtime profiles, including
automated test coverage and browser memory

the text in order to improve its readability and ensure
that  bibliographic  descriptions comply  with

diagnostics, while expanding the methodology to international standards. The authors bear sole
responsibility for the content of this publication.
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AKTyaabHicTh. AxTyanbHicTh. CTpPIMKHH PO3BHTOK BEJIMKHX MOBHHX MOJIENCHl CYTTE€BO BIUIMHYB Ha cdepy po3poOKu
IIpOrpaMHOro 3a0e3NedeHHs, 0 3YMOBWJIO HEOOXiJHICTh PETeNbHOI OMIHKM IXHIX MOXIHBOCTEH y cdepi aBTOMaTH30BaHOIO
reHepyBaHHS Koay. MeTow JOCHiDKEHHsT € po3poOKa Ta Bajlijallis METOJOJIOTiT KOMIUICKCHOI, 0araTOBUMIpHOI OLIHKH SKOCT1
MPOrPaMHOro KOJYy, 3r€HEPOBaHOI0 CY4aCHHUMH BEIHKMMH MOBHUMH MOJICISIMU B CEPEIOBHIIAX BUPOOHUYOrO piBHS. 3aBaaHHs. Y
JOCITiPKEHH] MPOBOJIUTHCS TIOPIBHSUIBHHI aHAI3 SKOCTiI KOJY, 3r€HEpPOBAHOrO I’SAThMa MPOBIJHUMH HEHPOHHUMH MeEpexaMu —
GPT-5, Claude Opus 4.1, Gemini 3.1 Pro, Grok 4 Ta DeepSeek-V3.1 — y KOHTEeKCTI cydacHOi BeO-pO3pOOKH, OLIHIOIOUH IXHIO
3[aTHICTh T€HEPYBATH T'OTOBHI /10 BUKOPHCTAHHS B BUPOOHHYOMY CEpPEIIOBHINI aBTOHOMHHI KoMIoHeHT Angular 19 i3 ckimagHO0O
(YHKI[IOHAJIBHICTIO TEpeTsATyBaHHS, IUIABHUMH aHIMaIlisIMH Ta IHTErpamielo 3 IMITOBAaHUM CEpBICOM IPOTOKONY Iepeaadi
rineprexcty. Meroau. Byna 3acrocoBana ABOpiBHEBa METOIOJIOTISI OIIHKH, IO TOEAHYE aBTOMATHYHI KUTBKICHI TTOKa3HUKH — TaKi
SIK TIPaBIIBHICTH 30ipky, dacrora oMok TypeScript Ta ESLint, nuxiiomaTnyHa CKJIQAHICTh, PO3MIp MTAKeTa Ta ayIuT Oe3Nekn — 3
SIKICHOIO €KCIIEPTHOIO OI[IHKOIO apXITEKTYPHOI MiTiCHOCTI, 3py9HOCTi 00CITyrOoByBaHHS Ta MOBHOTH JIoKyMeHTamii. Byio po3pobieHo
[HTeTpOBaHM TTOKAa3HUK OLIHKM SIKOCTI MOJENI JUIS pamkKyBaHHS Mojeiell Ha OCHOBI 3Ba)KCHHX (DaKTOpiB, HaJalO4d IIPiOPHTET
npaBuibHOCTI (35 %) Ta 3pyuHocti obcmyroByBanHus (30 %) Hax npoxyktuBHicTio (20 %), mokymenramieto (10%) ta Ge3nexoro
(5%). HaykoBa HOBHM3HA. 3aIpONOHOBaHA METOMOJIOTIS iHTErpye aBTOMATHU30BaHHWI CTaTHYHMHA aHAi3 31 CTPYKTYpOBAHOKO
€KCIIEPTHOIO OLIHKOIO B €MHUH TOPIBHAIBHUI MOKa3HMK, 3acHOBaHMH Ha cucreMi axocti ISO/IEC 25010, ycyBatouu Iporaiusy,
3aJIMIIeHy iCHYFOUMMH TECTaMH, SIKi OLIHIOIOThH JIMIIEe (YHKIIOHAJbHY KOPEKTHICTh Ha i30JbOBaHHMX 3aBlHaHHAX. IlpakTHune
3HaueHHs. OTpyMaHi pe3ynbTaTH HAJAIOTh BaXUIMBI €MIIPUYHI JaHi 1711 BUOOPY IHCTPYMEHTIB LITYYHOTO iHTENEKTY B POOOUMX
nporecax po3poOKH Ta JEMOHCTPYIOTb, IO Opi€HTOBaHAa Ha BUPOOHMLTBO OLHKA SIKOCTI BMMarae 0araTOBHMIpDHOI OLIHKH, IO
BUXOJIUTH 38 MEXi CHHTAaKCH4HOI KOpeKTHOCTI. Pe3ynbTaTn. EMnipuuHuil aHani3 BUSBMB 3HaUHI PO301XKHOCTI MiXkK IIPOTECTOBAHUMHU
apxirekrypamu. Claude Opus 4.1 nocsr Ha#WBHINOrO iHTErpOBaHOro ToKasHWKa skocTi (0,636), MpoIeMOHCTPYBABIIM YYIOBi
CTaH/IapTH CTPYKTYpHU Koy Ta qokymenTauii. Gemini 3.1 Pro itmios ciigom (0,620), BUALIAIOUNCH ONTUMI3aLI€0 TPOLYKTUBHOCTI Ta
crabinpHicTio 30ipku. GPT-5 (0,447), Xxoua i OyB CHHTAaKCHYHO TOYHHMM, MaB MPOOJIEMH 3 ONTHMI3aLi€l0 MPOAYKTUBHOCTI, TOII SIK
DeepSeek-V3.1 (0,530) BumaraB 3Ha4HOrO py4HOro HamaromxeHHs. Grok 4 orpumar HaiiHmkumii 6an (0,240), OcKinbkH HOro
3aJICXKHICTh Bifl 3aCTapiMX MOIYJIBHUX apXiTEKTyp NpH3Beia 0 CUCTEMHHX HelnonikiB. BucHoBkH. Xoya cydacHi BEJIHMKi MOBHI
MOJZIeNi 3[aTHI TeHepyBaTH BaJiJHUI KO, IUisi 3a0e3ledeHHs] TOTOBHOCTI J0 BUPOOHHWIITBA 3aJIMIIAETHCS HEOOXITHUM CYTTEBUI
JIIOACHKMI Harusig. [HTerpoBaHUi MOKAa3HHUK SKOCTI BUABUBCS €(DEKTHBHUM y pO3pi3HEHHI MOjeNnel, CHHTaKCHYHA MPOIYKTUBHICTh
SIKUX Ha [TOBEPXHEBOMY PiBHI 372€ThCS CXOXKOIO.

KorouoBi cioBa: Benuki MOBHI MOJEN; aBTOMaTH30BaHAa I'€HEpalis KOXy; OLIHKA SKOCTI NPOrpamMHOro 3abe3nedyeHHs;
¢peiimBopk  Angular; cranmapt skocti ISO/IEC 25010; crarudHuii aHaimi3 Kooy, IHTETPOBaHHI MOKAa3HUK SIKOCTI MOJeENei;
OeHUYMapKH IporpaMHoi iHxeHepil
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