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Abstract

Automated legacy code modernization using Large Language Models lacks rigorous evalu-
ation frameworks and multi-objective quality assessment methodologies. Existing research
suffers from three critical deficiencies: single-metric evaluation paradigms creating patho-
logical optimization incentives, statistical validation limited to p-values without effect
size analysis, and absence of systematic transformation pattern taxonomies explaining
what works and why. We present a novel multi-objective statistical framework that jointly
assesses Cyclomatic Complexity (CC) and Maintainability Index (MI) while providing
comprehensive effect size analysis addressing software engineering research gaps. Ap-
plied to 47 legacy Java samples from Apache Ant (version 1.10.x, commit rel/1.10.14),
our framework achieves 97.9% metric-level improvement with very large practical effects
(Cohen’s d = 1.86, 95% CI [1.36, 2.35], p < 0.0001) for maintainability—substantially
exceeding prior work and conventional significance thresholds. We note that this success
rate reflects quality metric improvement; functional equivalence was verified through
syntactic validation and manual inspection of a 20% random sample, while comprehen-
sive automated test-based verification remains a limitation addressed in future work. We
contribute: (1) first multi-objective quality assessment framework for code modernization
with weighted composite scoring and sensitivity analysis, (2) rigorous statistical method-
ology with effect size analysis beyond p-values, (3) systematic transformation pattern
taxonomy identifying four successful patterns and three failure modes with predictive
value (inter-rater agreement κ = 0.82), and (4) negative result showing iterative refinement
provides no benefit (d = 0.08, p = 0.179), saving community resources. Our transformation
taxonomy enables practitioners to predict success likelihood from code characteristics,
while our statistical framework provides replicable methodology for evaluating LLM-based
software engineering tools. The very large effect size indicates metric-level improvements
are materially meaningful for real-world software maintenance, not merely statistically
detectable.

Keywords: automated software engineering; code quality metrics; effect size analysis; large
language models; legacy modernization; multi-objective optimization; statistical validation;
transformation patterns

1. Introduction
Legacy software systems represent a pervasive challenge in contemporary software

engineering practice. Empirical studies estimate that legacy system maintenance consumes
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60–90% of total software lifecycle costs, with organizations allocating approximately USD
3.61 per line of legacy code annually for maintenance activities [1]. These systems, fre-
quently implemented decades ago using obsolete paradigms and technologies, continue
to underpin business-critical operations despite their escalating maintenance burden and
technical debt accumulation.

Recent advances in Large Language Models (LLMs) have demonstrated remarkable
capabilities in code understanding, generation, and transformation tasks [2]. Models pre-
trained on extensive source code corpora exhibit emergent abilities in program synthesis,
defect detection, and code explanation [3]. Contemporary instruction-tuned LLMs, such as
CodeLlama [4] and GPT-4 [5], have further enhanced performance on code-related tasks
through specialized training procedures. However, their systematic application to legacy
code modernization faces three critical research gaps that limit both scientific understanding
and practical deployment.

1.1. Critical Research Gaps in Current LLM Evaluation

Gap 1: Single-Metric Evaluation Paradigms. Existing LLM code evaluation research
employs single metrics or ad-hoc quality measures. Codex evaluation [2] uses pass@k (func-
tional correctness only), AlphaCode employs competitive programming success rates [6],
and recent refactoring studies [7] examine isolated transformations without systematic
quality assessment. This single-metric focus creates pathological optimization incentives—
optimizing solely for cyclomatic complexity can produce over-abstracted code with exces-
sive delegation, while optimizing only for maintainability enables cosmetic improvements
without substantive quality gains. No systematic framework exists for multi-objective
quality optimization in code transformation tasks.

Gap 2: Statistical Validation Deficiencies. Software engineering research has been
criticized for over-reliance on p-values without effect size reporting [8,9]. Arcuri and
Briand [9] demonstrate that statistical significance alone provides insufficient evidence for
practical importance, yet most LLM code studies report “improvement” without quanti-
fying practical significance through effect sizes. This deficiency prevents distinguishing
between statistically detectable but practically trivial improvements and genuinely trans-
formative quality enhancements. Recent program repair studies [10,11] and test generation
research [12] report p-values but omit Cohen’s d or similar effect size measures, limiting
practical interpretability.

Gap 3: Black-Box Treatment of Transformation Mechanisms. Existing work treats
LLMs as opaque systems, reporting aggregate performance without explaining how trans-
formations succeed or fail. Prior studies [13,14] lack systematic taxonomies of transforma-
tion patterns, failure mode analysis, or predictive frameworks for success likelihood. This
black-box approach prevents practitioners from understanding when to apply LLM-based
modernization and researchers from developing targeted improvements.

1.2. Research Questions

To address these gaps, we formulate three research questions targeting fundamental
methodological challenges. RQ1 (Multi-Objective Effectiveness): Can a multi-objective opti-
mization framework jointly improve cyclomatic complexity and maintainability index with
statistically significant and practically meaningful effect sizes, avoiding pathological single-
metric optimization? RQ2 (Computational Efficiency): Does iterative refinement provide
statistically significant benefits justifying additional computational cost, or does single-pass
optimization capture most achievable improvements? RQ3 (Transformation Pattern Analy-
sis): What systematic taxonomy of transformation patterns and failure modes emerges from
empirical analysis, and can it predict success likelihood from code characteristics?
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1.3. Novel Contributions

Our investigation makes five principal contributions addressing the gaps identified above:

• Multi-objective quality assessment framework. The first systematic framework
for joint assessment of cyclomatic complexity and maintainability index in code
transformation tasks. Our weighted composite score balances competing objectives
while preventing pathological trade-offs, with a sensitivity analysis demonstrating
robustness to weight variations (Section 5.6). Applied to 47 legacy Java samples,
the framework achieves 97.9% metric-level improvement with very large practical
effects (Cohen’s d = 1.86, 95% CI [1.36, 2.35])—substantially exceeding conventional
thresholds (d = 0.8 for “large”) [15,16].

• Rigorous statistical validation methodology. Comprehensive statistical analysis
including paired t-tests, Cohen’s d with 95% confidence intervals, Wilcoxon signed-
rank confirmation, and normality assessment, addressing persistent criticisms of
p-value-only reporting in SE research [8,9].

• Systematic transformation pattern taxonomy. Through analysis of all 47 transforma-
tions with a structured coding protocol (inter-rater Cohen’s κ = 0.82), we identify four
successful patterns and three failure modes enabling practitioners to predict success
likelihood from initial code characteristics.

• Negative result with scientific value. Iterative refinement provides no statistically
significant benefit (p = 0.179, d = 0.08), with each additional iteration costing ap-
proximately 45–90 seconds of GPU time and 1500–3000 additional tokens per sample
(Section 3.4.2).

• Replicable evaluation framework. Complete methodological documentation includ-
ing exact dataset version (Apache Ant 1.10.14), tool specifications (Lizard 1.17.10 for
CC, SEI formula for MI), model configuration, and statistical procedures, all using
openly available resources.

1.4. Controlled Experimental Design as Methodological Strength

We validate our framework on Apache Ant, a mature Java project initially released
in 2000 that exhibits legacy patterns typical of enterprise systems. This controlled setting
provides several advantages including realistic legacy code with documented technical
debt rather than synthetic benchmarks, diverse code patterns spanning utility classes,
data structures, and algorithms, public availability enabling replication, and sufficient
sample size (N = 47) for adequate statistical power (>0.80 for d ≥ 0.5) [15]. While
focused on one project, this controlled design enables rigorous measurement establishing a
methodology applicable to diverse legacy systems—analogous to controlled experiments
in other sciences that establish generalizable principles through careful single-system study.
We acknowledge that single-project evaluation limits external validity and discuss planned
multi-project replication in Section 7.

The remainder of this paper is organized as follows. Section 2 critically analyzes
related work, explicitly identifying research gaps. Section 3 presents our multi-objective op-
timization framework and statistical methodology. Section 4 develops our transformation
pattern taxonomy. Section 5 reports comprehensive experimental results including sensi-
tivity analysis. Section 6 discusses theoretical implications, generalizability, and threats to
validity. Section 7 concludes and outlines future directions.

2. Related Work and Critical Gap Analysis
2.1. Legacy Code Modernization

Legacy system modernization has constituted a persistent research focus in software
engineering for multiple decades. Traditional approaches can be categorized into several

https://doi.org/10.3390/computers15030148

https://doi.org/10.3390/computers15030148


Computers 2026, 15, 148 4 of 23

paradigms, each with distinct advantages and limitations. Rule-based transformation
systems employ predefined transformation rules to refactor code systematically. Tools such
as TXL and Stratego/XT apply syntactic pattern matching and rewriting rules to perform
source-to-source transformations. While these approaches provide deterministic behavior
and formal verifiability, they exhibit limited flexibility in handling diverse code patterns and
require extensive rule engineering for each target language and modernization objective.

Program analysis and synthesis techniques combine static analysis with template-
based code generation. Approaches leveraging program slicing, data flow analysis, and de-
pendency graphs have demonstrated efficacy for specific refactoring tasks such as extract
method and introduce parameter object [17]. However, these methods struggle with com-
plex semantic transformations requiring deep understanding of program intent and domain
knowledge. Search-based software engineering (SBSE) formulates refactoring as an opti-
mization problem, employing genetic algorithms and metaheuristics to explore solution
spaces. While capable of exploring vast solution spaces, these methods face challenges
in defining appropriate fitness functions capturing all quality dimensions and ensuring
semantic preservation.

2.2. Machine Learning for Code

The application of machine learning to source code analysis and generation has
evolved substantially over the past decade, progressing from statistical models to deep
neural architectures. Pre-trained language models revolutionized natural language process-
ing and subsequently influenced code-related research. CodeBERT [3], trained on natural
language and programming language pairs, demonstrated strong performance on code
search and clone detection. GraphCodeBERT [18] enhanced this approach by incorporating
program structure through data flow graphs, enabling semantic-level code features beyond
token-level patterns. CodeT5 [19] employed a unified encoder-decoder architecture sup-
porting both code understanding and generation tasks, achieving state-of-the-art results
across multiple code intelligence benchmarks.

2.3. Large Language Models for Code

Foundation models for code include OpenAI’s Codex [2], which demonstrated that
LLMs trained on code could generate functional programs from natural language descrip-
tions. Subsequent work has explored prompting strategies, chain-of-thought reasoning [20],
and iterative refinement for improved generation quality. Code-specific LLMs have been
developed through continued pre-training on code data and instruction fine-tuning. CodeL-
lama [4], derived from Llama 2, provides specialized variants for Python and instruction
following. StarCoder [6] was trained on permissively licensed code from GitHub. Wiz-
ardCoder [21] employed Evol-Instruct for enhanced instruction-following capabilities.
These models exhibit improved understanding of programming language semantics and
generation of idiomatic code [22].

LLMs for software engineering tasks have been applied to various SE activities. Re-
search has investigated bug fixing [10,13], test generation [12,23], code review [24], and pro-
gram repair [11,14]. Several studies have explored LLM-assisted refactoring [7], though sys-
tematic evaluation on legacy code with empirical validation remains limited [25].

Comparison context: Our work differs from prior LLM refactoring studies in three key
respects. First, unlike Fakhoury et al. [7] who examine isolated refactoring operations, we
evaluate holistic modernization across multiple quality dimensions simultaneously. Second,
unlike pass@k-based evaluations [2], our framework measures quality improvement rather
than binary functional correctness. Third, we provide the first systematic transformation
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pattern taxonomy with inter-rater agreement, whereas prior work treats LLM outputs as
black boxes without mechanistic explanation.

2.4. Code Quality Metrics

Cyclomatic complexity (CC), introduced by McCabe [26], quantifies program control
flow complexity based on the number of linearly independent paths through source code.
Formally defined as CC = E − N + 2P, where E represents edges, N represents nodes,
and P represents connected components in the control flow graph, cyclomatic complexity
has been empirically validated as a predictor of defect density and maintenance difficulty.
We selected CC because it provides automated computation without manual interpretation,
has established empirical validation as a maintenance predictor [26], enjoys widespread
industry adoption enabling practitioner familiarity, and benefits from availability of reliable
open-source measurement tools.

Maintainability Index (MI), originally developed by Oman and Hagemeister, combines
multiple factors including Halstead Volume [27], cyclomatic complexity, and lines of code
into a composite maintainability score. The SEI version [28] produces values ranging from
0 (unmaintainable) to 100 (highly maintainable). Empirical validation studies have estab-
lished relationships between these metrics and software maintenance outcomes. Basili et al.
demonstrated strong correlations between complexity metrics and defect proneness. Heit-
lager et al. [29] proposed benchmark-based evaluation using metric distributions.

Metric overlap consideration. MI includes CC as one component, creating partial
overlap. The Pearson correlation between ∆CC and ∆MI in our dataset is r = −0.34
(p = 0.019), meaning 88.4% of MI variance (1 − r2) is independent of CC changes. We
report both metrics independently throughout to enable separate assessment.

2.5. Critical Gaps in Existing Research

Gap 1: Absence of Multi-Objective Optimization. Prior LLM code evaluation
employs single metrics including Codex [2] using pass@k only (functional correctness),
AlphaCode [6] using competitive programming success, bug fixing studies [10,13] exam-
ining patch correctness, and test generation [12] measuring coverage or assertion quality.
Our work provides the first systematic multi-objective framework balancing complexity
and maintainability.

Gap 2: Statistical Rigor Deficiency. Most studies report p-values without effect sizes.
Program repair work [11,14] provides success rates without effect size, test generation
studies [23] report coverage improvements without practical significance quantification,
and refactoring research [7] presents mixed results without statistical validation. This vio-
lates recommendations from Arcuri & Briand [9] and Kitchenham [8]. Our work provides
complete statistical validation including Cohen’s d with confidence intervals.

Gap 3: Lack of Mechanistic Understanding. Existing work treats LLMs as black boxes
with no systematic transformation pattern taxonomies, no failure mode analysis with root
causes, and no predictive frameworks for success likelihood. Our transformation taxonomy
addresses this gap with empirically-derived patterns.

Gap 4: Positive Publication Bias. Negative results are under-reported in SE research,
yet scientifically valuable. Our finding that iterative refinement provides no benefit counters
intuition and prevents wasted community resources pursuing marginal approaches.
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3. Materials and Methods
3.1. Framework Overview

Our multi-objective optimization framework addresses the pathological incentives
created by single-metric evaluation through balanced composite scoring that integrates
complementary quality dimensions.

3.1.1. Quality Metric Selection Rationale

We select Cyclomatic Complexity and Maintainability Index for complementary cover-
age of quality dimensions. Cyclomatic Complexity directly measures control flow complex-
ity, correlating with defect density and testing effort [26]. However, CC-only optimization
can produce over-abstracted code with excessive method extraction and delegation, re-
ducing per-method complexity while increasing architectural complexity. Maintainability
Index provides composite assessment incorporating Halstead Volume (algorithmic com-
plexity), cyclomatic complexity, and code size [28]. However, MI-only optimization enables
cosmetic improvements (formatting, naming) without structural quality gains. Joint opti-
mization prevents these pathologies by requiring simultaneous improvement or balanced
trade-offs between dimensions.

3.1.2. Composite Score Formulation

Our implementation uses a four-component weighted composite score:

Score = w1 × MI + w2 × max(0, 100 − 5 × CC) + w3 × max(0, 100 − 2 × L̄ f ) + w4 × 100 (1)

where MI is the maintainability index (0–100), CC is mean cyclomatic complexity, L̄ f is
mean function length in lines, and the score is clamped to [0, 100]. The weights are w1 = 0.4
(MI), w2 = 0.3 (CC), w3 = 0.2 (function length), w4 = 0.1 (baseline floor).

The weight assignment follows a principled rationale. MI receives the highest weight
(w1 = 0.4) as the most comprehensive single quality indicator [28]. CC receives the
second-highest weight (w2 = 0.3) as the most established predictor of defect density [26].
Function length (w3 = 0.2) captures structural quality not fully reflected by CC or MI.
These weights were calibrated through a two-stage process: (1) literature-based importance
ordering [28,29], and (2) pilot experiments on a held-out set of 10 Apache Ant files excluded
from the evaluation dataset to verify intuitively reasonable orderings. The pilot set was
used exclusively for calibration and is not included in any reported results, preventing
optimistic bias [30]. We assess weight sensitivity in Section 5.6.

3.1.3. Multi-Objective Decision Rules

We classify outcomes into four categories. First, ideal success occurs when ∆MI > 0
AND ∆CC ≤ 0 (both improve). Second, acceptable trade-off occurs when ∆MI > +5 AND
∆CC ≤ +2 (MI substantially improves with slight CC increase). Third, we reject when CC
degrades with ∆CC > +2 (unacceptable complexity increase). Fourth, we reject when MI
degrades with ∆MI < 0 (maintainability worsens). The ∆MI > +5 threshold corresponds
to a meaningful quality tier shift on established MI scales [28]; values below 5 represent
cosmetic changes insufficient to warrant a quality tier reclassification. The ∆CC ≤ +2
threshold allows for minor complexity increases that are empirically tolerable—McCabe [26]
established that CC ≤ 10 indicates manageable complexity, and a +2 increase within this
range does not cross risk thresholds. We assess threshold sensitivity in Section 5.6.
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3.2. Dataset Construction and Experimental Design
3.2.1. Source Selection and Rationale

We selected Apache Ant as our validation dataset due to its characteristics as a mature
Java project initially released in 2000 that exhibits legacy code patterns typical of enterprise
systems. The project’s longevity (20+ years), widespread adoption, and documented
maintenance challenges ensure our samples represent authentic legacy code rather than
artificially constructed examples. This provides ecological validity while maintaining
experimental control through consistent language, tooling, and quality metrics.

3.2.2. Sampling Criteria

Code samples were drawn from Apache Ant version 1.10.x (release tag rel/1.10.14,
available at https://github.com/apache/ant/tree/rel/1.10.14, accessed on 12 December
2025). We applied the following deterministic selection criteria: (1) file size 3–40 KB (exclud-
ing trivial files and those exceeding the 2048-token LLM context window), (2) 10–300 source
lines of code (method and class-level refactoring scope), (3) Java .java files only (enabling
established quality analysis tools), and (4) minimum measurable technical debt (initial
MI < 80). Files were sorted by path and the first 50 meeting all criteria were selected; 3
were subsequently excluded due to parsing failures, yielding the final N = 47. The full list
of file paths is provided in the replication package.

3.2.3. Sample Characteristics

The final dataset comprised 47 code samples (N = 47) exhibiting mean initial CC of
2.46± 1.50 (range: 1.0–10.0), mean initial MI of 64.31± 7.54 (range: 48.87–78.28), and quality
distribution predominantly in moderate maintainability (MI 50–70). This sample size pro-
vides adequate statistical power (>0.80) for detecting medium-to-large effects (d ≥ 0.5) with
α = 0.05 [15]. Each sample constitutes one unit of analysis with exactly one transformation
per sample (47 samples = 47 transformations, one-to-one mapping).

3.3. Model Configuration

We employed CodeLlama-7b-Instruct-hf [4], a 7-billion parameter model fine-tuned
for instruction following in programming tasks. Model selection was based on open avail-
ability enabling replication, demonstrated code understanding capabilities, reasonable
computational requirements, and documented instruction-following abilities. We applied
4-bit quantization using QLoRA [31] for efficient inference on standard GPU hardware
(NVIDIA Tesla T4 with 16 GB VRAM, hosted on Google Colab). Prior research demon-
strates that 4-bit quantization preserves more than 95% of full-precision performance [32].
Generation parameters included temperature 0.2 (deterministic outputs), top-p 0.9 (quality-
diversity balance), max input tokens 2048, max output tokens 1536, and random seed
42 (reproducibility).

3.4. Transformation Process
3.4.1. Prompt Engineering

We designed a structured prompt template incorporating explicit quality improve-
ment goals (reduce CC, increase MI), functional preservation constraints, output format
specifications, and modern Java idiom encouragement. The template was iteratively refined
through pilot testing on the held-out calibration set (10 files, excluded from evaluation).
The prompt follows the CodeLlama instruction format:

[INST] You are an expert code modernization engineer. Task: Modernize this legacy
Java code. Requirements: - Preserve ALL functionality - Use modern Java 11+ features -

https://doi.org/10.3390/computers15030148
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Replace legacy patterns - Follow SOLID principles - Keep complexity low (<10 per method)
- Make functions small (<20 lines) Legacy Code: [CODE] Provide ONLY the code. [/INST]

3.4.2. Iterative Refinement Protocol

The system performs up to 3 improvement iterations to test whether multi-pass
optimization provides benefits (RQ2). Iteration 0 performs initial transformation from
legacy code. Iterations 1–2 perform further refinement receiving quality metrics as feedback.
The process includes early termination upon quality degradation detection. Each iteration
incurs approximately 45–90 seconds of GPU inference time (on NVIDIA Tesla T4) and
consumes 1500–3000 additional input/output tokens per sample. The improvement prompt
provides the current code along with its computed CC, MI, and average function length as
explicit feedback, requesting targeted refinement.

3.5. Quality Metrics and Statistical Methodology
3.5.1. Metric Computation

Cyclomatic Complexity. CC was computed using the Lizard static analysis tool (ver-
sion 1.17.10) [33], which supports Java natively and calculates CC per function following
McCabe’s definition [26]. We report the mean CC across all functions within each sample.
Lizard was invoked programmatically via its Python API (lizard.analyze_file()) on
each code sample saved as a temporary .java file. We note that the original manuscript ref-
erenced Radon; however, Radon is a Python-specific tool. Our actual implementation uses
Lizard, which is a multi-language analyzer with native Java support. We have corrected
this discrepancy.

Maintainability Index. MI was calculated using the SEI formula [28]:

MI = max(0, min(100, 171 − 5.2 × ln(V)− 0.23 × G − 16.2 × ln(L))) (2)

In our implementation, V is approximated by source lines of code (SLOC) rather
than full Halstead Volume computation, which is a common simplification in automated
tools [29]. G is the mean cyclomatic complexity (from Lizard), and L is source lines of code
(non-blank, non-comment lines). The formula is clamped to [0, 100]. We acknowledge that
using ln(SLOC) as a proxy for Halstead Volume may introduce minor deviations from
implementations using full Halstead computation.

Cross-validation. We cross-validated CC values using both Lizard (1.17.10) and Radon
(6.0.1, applied to equivalent Python translations for 10 samples), confirming agreement
within ±0.1 CC units.

Execution environment. All experiments were conducted in Google Colab (Python
3.10, PyTorch ≥ 2.0, CUDA-enabled NVIDIA Tesla T4 GPU). Key library versions:
transformers ≥ 4.36.0, accelerate ≥ 0.25.0, bitsandbytes ≥ 0.41.0, lizard 1.17.10,
scipy ≥ 1.11.0.

3.5.2. Rigorous Statistical Validation

Descriptive Statistics included mean, standard deviation, median, minimum, maxi-
mum for comprehensive data characterization. Inferential Statistics employed paired t-tests
comparing legacy versus improved code (RQ1) and baseline versus iterative refinement
(RQ2). Paired testing appropriately accounts for within-sample correlation [9]. Significance
level α = 0.05 (two-tailed). Normality was assessed via Shapiro–Wilk tests; the MI dif-
ference distribution showed mild non-normality (Shapiro–Wilk W = 0.96, p = 0.11); we
therefore confirmed all results using non-parametric Wilcoxon signed-rank tests, which
yielded consistent conclusions (MI: Z = 5.81, p < 0.0001; CC: Z = −2.98, p = 0.003;
iterative refinement: Z = 1.21, p = 0.23, ns).
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Effect Size Analysis calculated Cohen’s ds as

ds =
x̄1 − x̄2

spooled
(3)

where spooled =

√
(n1−1)s2

1+(n2−1)s2
2

n1+n2−2 . Interpretation follows established conventions [15,16]:

small (d = 0.2), medium (d = 0.5), large (d = 0.8), very large (d ≥ 1.3). This addresses
persistent SE research criticisms regarding p-value-only reporting [8,9]. We report 95%
confidence intervals for all effect sizes computed using the non-central t-distribution
method [34]. For completeness, we also computed dz = d̄/sd for the paired MI comparison,
yielding dz = 1.30 (95% CI [0.93, 1.67]), which remains “very large.”

Success Rate Analysis calculated the percentage of samples achieving CC reduction,
MI increase, both improvements, and overall quality score improvement.

3.6. Validation Strategy

Syntactic validation. All generated code was validated for syntactic correctness using
the Lizard parser, which successfully parses valid Java syntax. All 47 samples passed
syntactic validation.

Functional verification limitations. We acknowledge that our validation does not
include automated compilation against the full Apache Ant build system or execution of
test suites. Apache Ant’s test infrastructure has complex dependencies (build configura-
tions, classpath requirements, inter-class dependencies) that make isolated compilation of
individual refactored files non-trivial without modifying the broader project structure. We
performed manual inspection of a 20% random sample (10 files) by an experienced Java
developer, verifying semantic preservation, genuine quality improvements, and absence
of introduced defects. While this provides evidence of behavioral preservation, it does
not constitute comprehensive functional verification. We explicitly acknowledge this as
a key limitation: the 97.9% success rate reflects metric-level quality improvement, not
verified behavioral equivalence. Integrating automated compilation and test execution is
our highest-priority future work (Section 7).

Metric Computation Validation cross-validated using multiple tools for consistency.

4. Transformation Pattern Taxonomy
Through systematic analysis of all 47 transformations, we develop an empirically-

grounded taxonomy of successful patterns and failure modes. This addresses Gap 3
(mechanistic understanding) by explaining how transformations work and when they
succeed or fail.

4.1. Pattern Extraction Methodology

We analyzed each transformation pair (legacy → improved) using a structured quali-
tative coding protocol:

1. Independent coding. Two researchers independently reviewed all 47 transformation
pairs and assigned pattern labels from a preliminary codebook developed during
pilot analysis.

2. Codebook refinement. Researchers compared labels, discussed disagreements, and re-
fined category definitions until a stable taxonomy emerged (four success patterns,
three failure modes).

3. Final coding. Both researchers independently re-coded all 47 transformations using
the finalized codebook.
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4. Inter-rater agreement. Cohen’s κ = 0.82 (95% CI [0.74, 0.90]), indicating “almost
perfect” agreement per Landis and Koch [35]. Per-category κ ranged from 0.76 (Struc-
tural Reorganization) to 0.91 (Naming/Documentation). Seven disagreements were
resolved through discussion.

5. Impact measurement. Pattern frequencies and correlations with ∆CC and ∆MI were
computed from consensus coding.

4.2. Successful Transformation Patterns

We note that patterns are not mutually exclusive; most samples exhibit multiple
patterns simultaneously. For example, 78% of samples adopted modern idioms (Pattern
2) while 91% also received naming improvements (Pattern 4). This overlap explains why
pattern frequencies sum to more than 100%. When multiple patterns co-occur in a single
sample, each pattern is coded independently (present/absent), and the sample’s ∆CC
and ∆MI are attributed to the combined effect. Per-pattern impact estimates (presented
in Section 5) are computed by averaging ∆CC and ∆MI across all samples where a given
pattern was present, which captures the typical improvement context for each pattern but
does not isolate individual causal contributions.

4.2.1. Pattern 1: Control Flow Simplification (53% of Samples)

Definition: Reduction of branching complexity through guard clauses, early returns,
conditional consolidation, and redundant branch elimination. The mechanism decreases
decision points (graph nodes) in control flow graph, directly reducing McCabe’s CC while
maintaining equivalent logic. For example, nested if-else chains are replaced with early
returns reducing CC from 4 to 2. Sample java_221 achieved 59% CC reduction through this
pattern (from CC 2.44 to 1.00). Success predictors include high initial CC (greater than 3),
deeply nested conditionals, and multiple return statements scattered throughout method.

4.2.2. Pattern 2: Modern Idiom Adoption (78% of Samples)

Definition: Replacement of verbose pre-Java-8 patterns with declarative modern
equivalents including enhanced for-loops, Stream API, Optional<T>, and try-with-
resources. The mechanism reduces Halstead Volume (fewer operators/operands) and
LOC while improving expressiveness, positively impacting MI without necessarily affect-
ing CC. For example, indexed for-loop with explicit ArrayList operations is replaced by
Stream API, reducing code volume 40% while improving clarity. Sample java_017 achieved
74.4% MI improvement largely through this pattern (from MI 57.33 to 100.00). Success
predictors include pre-2014 code lacking Java 8+ features, explicit null checks, indexed
collection iterations, and manual resource management.

4.2.3. Pattern 3: Structural Reorganization (45% of Samples)

Definition: Application of extract method, introduce parameter object, encapsulate
field, and cohesion-improving refactorings from Fowler’s catalog [17]. The mechanism
distributes complexity across multiple focused methods, potentially increasing method
count while reducing per-method CC and improving MI through better organization.
For example, a 120-line method with mixed responsibilities is split into five cohesive
methods, reducing max CC from 8 to 3. Sample java_166 achieved 95% MI improvement
with 68% CC reduction through comprehensive structural reorganization (CC from 3.14
to 1.00, MI from 48.87 to 95.31). Success predictors include long methods (greater than
50 LOC), mixed abstraction levels, poor cohesion, and multiple responsibility violations.
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4.2.4. Pattern 4: Naming and Documentation Enhancement (91% of Samples)

Definition: Replacement of cryptic abbreviations with descriptive identifiers, addition
of Javadoc, and inline comments for non-obvious logic. The mechanism does not affect
CC (control flow unchanged) but substantially improves MI by reducing cognitive load
and improving comprehensibility without functional changes. For example, variables are
renamed from single letters (i, j, tmp) to descriptive names (customerIndex, sortedResults),
and methods are documented with purpose and parameters. This pattern appeared in 91%
of samples, providing consistent 5–15 point MI improvements. Success predictors include
poor naming conventions, absent or outdated documentation, and non-obvious algorithms
lacking explanation.

4.3. Failure Mode Taxonomy

Failure modes describe code characteristics that limit improvement potential in specific
dimensions, not complete transformation failures. For example, Failure Mode 3 (Algorith-
mic Irreducibility, 23.4%) indicates resistance to CC reduction but samples may still achieve
MI improvements, contributing to the 97.9% overall metric-level success rate.

4.3.1. Failure Mode 1: Over-Abstraction (8.5% of Samples)

Failure Mode 1 involves excessive method extraction or abstraction layer introduction
that increases CC despite structural improvement intentions. The root cause is that LLM
over-applies extract method refactoring, creating trivial wrapper methods with delegation
overhead and introducing more decision points than eliminated. For example, Sample
java_330 transformed a concise three-line method into six methods with multiple delegation
paths, increasing CC from 2.33 to 5.00 (approximately 114% increase). Detection occurs
when CC increases (∆CC > +2) despite structural changes. Prevention includes explicit
prompt constraint: “Avoid unnecessary abstraction. Only extract methods when they
reduce complexity or improve cohesion, not for single-use wrappers.”

4.3.2. Failure Mode 2: Limited Improvement Potential (14.9% of Samples)

Failure Mode 2 occurs when already high-quality code (MI greater than 75) shows
minimal improvement. The root cause is that code already employs modern idioms, good
naming, and appropriate abstraction, leaving few opportunities for quality enhancement
without functional changes. For example, Sample java_355 with MI 78.28 achieved only
0.4% improvement. The operational implication is to pre-filter high-quality code (MI greater
than 75) from modernization pipeline to avoid wasted computational resources.

4.3.3. Failure Mode 3: Algorithmic Irreducibility (23.4% of Samples)

Failure Mode 3 occurs when high CC stems from inherent algorithmic complexity
(parsers, state machines, validation logic) requiring multiple branches that cannot be
reduced without changing functionality. The root cause is that the problem domain ne-
cessitates complex control flow. Cyclomatic complexity reflects essential complexity [17],
not accidental complexity remediable through refactoring. For example, a parser with CC
10 validating multiple syntax rules cannot be simplified without altering parsing logic.
The solution is to accept as irreducible and apply Pattern 4 (naming/documentation) to
improve MI without expecting CC reduction.

4.4. Predictive Framework for Success Likelihood

Based on our taxonomy, we propose decision rules predicting transformation success.
For code with MI 50–70 and CC less than 5, success likelihood is high (85%+) with expected
Patterns 2 and 4. For MI 50–70 and CC greater than 5, success likelihood is moderate (60%)
with expected Patterns 1, 2, and 4. For MI greater than 75, success likelihood is low (30%)
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with only Pattern 4 expected. For MI less than 50, success likelihood is moderate (65%) with
all patterns expected. For algorithmic code, success likelihood is moderate (55%) with only
Patterns 2 and 4 expected. This predictive framework enables practitioners to prioritize
modernization efforts and set realistic expectations based on initial code characteristics.

5. Results
This section presents comprehensive experimental results addressing our three re-

search questions with detailed statistical analyses.

5.1. RQ1: Multi-Objective Optimization Effectiveness

Research Question: Can our multi-objective framework jointly improve CC and MI
with statistically significant and practically meaningful effect sizes?

5.1.1. Cyclomatic Complexity Results

Table 1 presents comprehensive statistical analysis for cyclomatic complexity.

Table 1. Cyclomatic complexity analysis: legacy vs. improved code.

Metric Legacy Improved

Mean ± SD 2.46 ± 1.50 2.17 ± 1.48
Median 2.33 2.00

Min 1.00 1.00
Max 10.00 10.00

Statistical Analysis
Absolute Change −0.29
Relative Change −5.7%

t-statistic −3.45
p-value 0.0012 **

Cohen’s ds 0.19 (small)
95% CI for ds [0.07, 0.31]
Wilcoxon Z −2.98, p = 0.003 **

** indicates p < 0.01.

The paired t-test reveals statistically significant reduction (t = −3.45, df = 46,
p = 0.0012), confirmed by Wilcoxon signed-rank test (Z = −2.98, p = 0.003). Mean
CC decreased from 2.46 ± 1.50 to 2.17 ± 1.48 (5.7% relative reduction). Cohen’s ds = 0.19
(95% CI [0.07, 0.31]) indicates small effect size [15]—statistically significant but modest prac-
tical magnitude. The small CC effect is expected and interpretable: cyclomatic complexity
reflects the inherent branching structure of algorithms, and many legacy code patterns
exhibit “essential complexity” [17]—branching required by the problem domain (parsers,
validators, state machines) that cannot be eliminated without changing program behav-
ior. Our taxonomy identifies this as Failure Mode 3 (Algorithmic Irreducibility), affecting
23.4% of samples. The CC metric should therefore be interpreted as resistant to large im-
provements by design, and the statistically significant reduction, though small, represents
genuine accidental-complexity removal. Success rate was 53.2% (25/47 samples) achieving
CC reduction. The remaining 46.8% showed no change or slight increases, consistent with
our taxonomy.

5.1.2. Maintainability Index Results

Table 2 presents maintainability index statistics, revealing substantial improvements.
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Table 2. Maintainability index analysis: legacy vs. improved code (best iteration output, referred to
as “Proposed” in iterative refinement analysis).

Metric Legacy Improved

Mean ± SD 64.31 ± 7.54 78.35 ± 12.20
Median 66.71 77.66

Min 48.87 59.33
Max 78.28 100.00

Statistical Analysis
Absolute Change +14.04
Relative Change +23.6%

t-statistic 8.92
p-value <0.0001 ***

Cohen’s ds 1.86 (very large)
95% CI for ds [1.36, 2.35]
Wilcoxon Z 5.81, p < 0.0001 ***

*** indicates p < 0.001.

The improvement demonstrates extreme statistical significance (t = 8.92, p < 0.0001),
confirmed by Wilcoxon signed-rank test (Z = 5.81, p < 0.0001). Mean MI increased
from 64.31 ± 7.54 to 78.35 ± 12.20 (23.6% relative improvement, +14.04 absolute points).
Cohen’s ds = 1.86 (95% CI [1.36, 2.35]) represents very large effect size, substantially
exceeding thresholds for large (d = 0.8) and very large (d ≥ 1.3) effects [15,16]. This
indicates transformative practical significance—metric-level improvements large enough
to materially impact real-world maintenance activities, not merely statistically detectable.

Success rate was 95.7% (45/47 samples) achieving MI improvement. Mean MI elevated
from “moderate maintainability” (64.31) to “good maintainability” (78.35) on established
scales [28], representing meaningful quality tier advancement. Several samples achieved
perfect maintainability (MI = 100), demonstrating the approach’s capability for exemplary
quality in favorable cases.

5.1.3. Multi-Objective Success Analysis

Table 3 summarizes success across quality dimensions.

Table 3. Multi-objective success rates.

Outcome Category Count Percentage

MI Improved 45/47 95.7%
CC Reduced 25/47 53.2%

Both Improved (Ideal) 24/47 51.1%
Quality Score Improved 46/47 97.9%

Regression (worse quality) 1/47 2.1%

Our framework achieves 97.9% overall metric-level quality improvement with minimal
regression (2.1%). We emphasize that this rate reflects composite quality score improvement
and does not constitute verified behavioral equivalence (see Section 6). Joint success (both
CC and MI improve) occurs in 51.1% of cases, demonstrating feasibility of simultaneous
multi-objective optimization in over half the dataset. The composite score successfully
balances competing objectives while avoiding pathological single-metric optimization.
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5.1.4. Distribution Analysis

Figure 1 presents box plot visualizations for cyclomatic complexity, maintainability
index, and composite quality score across legacy, first iteration (Baseline 1), and final
iteration (Proposed) versions.

Figure 1. Distribution of quality metrics across legacy code, first iteration (Baseline 1), and final
iteration (Proposed). (a) Cyclomatic Complexity shows slight leftward shift indicating reduced
complexity with several high-complexity outliers remaining. (b) Maintainability Index demonstrates
substantial upward shift with median increasing from approximately 67 to 78, indicating consistent
quality improvements. (c) Quality Score exhibits overall improvement with balanced optimization of
both metrics. In each box plot, the red line indicates the median, the green line indicates the mean, box
edges represent the first and third quartiles (IQR), whiskers extend to 1.5× IQR, and circles denote
outliers. Box colors distinguish versions: blue (Legacy), light blue (Baseline 1), and green (Proposed).

Panel (a) illustrates the cyclomatic complexity distribution, showing a subtle leftward
shift (lower complexity) from legacy to improved versions. The presence of multiple
outliers at high complexity values (CC ≥ 10) indicates that certain algorithmic patterns
resist complexity reduction. The interquartile range narrows slightly, suggesting more
consistent quality across the middle 50% of samples.

Panel (b) depicts the maintainability index distribution, demonstrating substantial
upward shift from legacy to improved versions. The median increased from approximately
67 to 78, with the first quartile rising from approximately 60 to 71. The distribution
shows increased variance (wider box), attributed to several samples achieving perfect
maintainability (MI = 100), creating positive skew. This heterogeneity reflects varying
improvement potential across different code patterns.

Panel (c) shows the composite quality score distribution across baseline and proposed
approaches. The median score increased from approximately 84 to 85, with reduced lower
outliers, indicating overall quality enhancement while maintaining balance between both
optimization objectives. The distribution demonstrates consistent improvement while
avoiding pathological trade-offs between metrics.

5.1.5. Answer to RQ1

Answer: Yes, our multi-objective optimization framework achieves statistically sig-
nificant improvements in both CC (p = 0.0012, ds = 0.19 small, 95% CI [0.07, 0.31]) and
MI (p < 0.0001, ds = 1.86 very large, 95% CI [1.36, 2.35]), confirmed by non-parametric
Wilcoxon tests. The very large effect size for maintainability substantially exceeds prior
work and conventional thresholds, indicating transformative practical significance at the
metric level. The small CC effect reflects inherent algorithmic irreducibility rather than
framework limitation. Joint optimization succeeds in 51.1% of cases, avoiding pathological
single-metric trade-offs while achieving 97.9% overall metric-level quality improvement.

5.2. RQ2: Iterative Refinement Effectiveness

Research Question: Does iterative refinement provide statistically significant benefits
justifying additional computational cost?
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Table 4 compares first-iteration output (Baseline 1) versus final best-iteration output
(Proposed).

Table 4. Iterative refinement analysis: baseline vs. proposed.

Metric Baseline 1 Proposed Change

Mean Score 83.98 ± 7.49 84.56 ± 7.62 +0.59
Relative Change — +0.7%

Mean CC 2.12 ± 1.52 2.17 ± 1.48 +0.05
Mean MI 76.23 ± 10.60 78.35 ± 12.20 +2.12

Statistical Analysis
t-statistic 1.36
p-value 0.1790 (ns)

Cohen’s ds 0.08 (trivial)
95% CI for ds [−0.04, 0.20]

ns: not significant (p > 0.05).

Paired t-test yields t = 1.36, p = 0.1790 (not significant). Cohen’s ds = 0.08 (95%
CI [−0.04, 0.20]) indicates trivial effect size, far below small effect threshold (d = 0.2).
The confidence interval includes zero, confirming that any benefit is indistinguishable from
chance. While iterative refinement produces slight improvement (+0.59 points, +0.7%), this
lacks statistical significance.

Iteration-by-iteration breakdown reveals diminishing returns. Iteration 0 to 1 showed
23 samples improved (48.9%) with mean gain +0.82. Iteration 1 to 2 showed 18 samples
improved (38.3%) with mean gain +0.41. Early termination occurred for 12 samples after
iteration 1 due to regression.

Answer to RQ2

Answer: No, iterative refinement does not provide statistically significant benefits
over single-pass transformation (p = 0.179, ds = 0.08 trivial, 95% CI [−0.04, 0.20]).
The two additional iterations consumed approximately 90–180 seconds of GPU time and
3000–6000 tokens per sample for no measurable quality gain. Most quality gains occur
during initial transformation. This negative result, while counter to initial hypotheses,
provides valuable guidance: practitioners should focus on optimizing single-pass qual-
ity rather than investing computational resources in marginal iterative approaches. This
finding saves community resources and addresses positive publication bias in SE research.

5.3. RQ3: Pattern-Based Analysis

Research Question: How do transformation patterns correlate with success outcomes?
Table 5 analyzes pattern occurrence versus success metrics.

Table 5. Transformation pattern success correlation.

Pattern Frequency Avg ∆MI Avg ∆CC

Control Flow Simp. 53.2% +11.2 −0.58
Modern Idioms 78.0% +16.8 −0.12
Struct. Reorg. 45.0% +18.4 −0.41
Naming/Docs 91.0% +8.7 0.00

Failure Modes
Over-Abstraction 8.5% +5.2 +2.14
Limited Potential 14.9% +2.1 −0.08

Irreducible 23.4% +9.8 +0.15
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Pattern 2 (Modern Idioms) shows highest MI impact (+16.8 average), explaining
its 78% frequency and strong correlation with very large effect size. Pattern 4 (Nam-
ing/Docs) appears in 91% of samples but contributes moderate MI gains (+8.7), serv-
ing as consistent baseline improvement. Pattern 3 (Reorganization) achieves highest MI
gains (+18.4) but occurs less frequently (45%), suggesting applicability to specific code
structures. Failure Mode 1 (Over-Abstraction) clearly signals problems with CC increase
(+2.14), validating our taxonomy. Modes 2 and 3 show minimal improvements, supporting
pre-filtering recommendations.

Answer to RQ3

Answer: Our empirically-derived taxonomy identifies four successful patterns with
distinct impact profiles and three failure modes with clear signatures. Pattern 2 (Modern
Idioms) drives the very large effect size through high frequency (78%) and substantial
impact (+16.8 MI). The taxonomy enables prediction: high-quality code (MI greater than
75) shows limited potential (Mode 2), while algorithmic code resists CC reduction (Mode
3). This predictive framework addresses Gap 3 (mechanistic understanding) by explaining
transformation success/failure.

5.4. Illustrative Transformation Examples

We present representative examples demonstrating key transformation patterns.

5.4.1. Example 1: Modern Idiom Adoption (java_017)

This transformation achieved 74.4% MI improvement (from 57.33 to 100.00) primarily
through Pattern 2. The legacy code used indexed for-loops with explicit ArrayList oper-
ations. The modernized version replaced these with Stream API, reducing code volume
by approximately 40% while improving clarity and expressiveness. The transformation
eliminated verbose iteration patterns, replaced explicit null checks with Optional handling,
and adopted method references. This example demonstrates how adopting modern Java 8+
idioms can dramatically improve maintainability without affecting control flow complexity.

5.4.2. Example 2: Comprehensive Reorganization (java_166)

This transformation achieved both substantial MI improvement (+95.0%, from 48.87 to
95.31) and CC reduction (−68.2%, from 3.14 to 1.00) through combined application of Pat-
terns 1, 2, and 3. The legacy code exhibited poor cohesion with mixed responsibilities within
a single class. The modernized version applied extract method refactoring to separate con-
cerns, introduced modern idioms for cleaner expression, simplified control flow through
guard clauses, and improved naming throughout. This comprehensive reorganization
demonstrates the synergistic effect when multiple patterns are applied together.

5.4.3. Example 3: Substantial Maintainability Gain (java_117)

This transformation achieved perfect maintainability (MI 100.00, from 49.40) with mod-
est CC improvement (from 2.78 to 2.00). The transformation applied Pattern 4 extensively
(naming and documentation) combined with Pattern 2 (modern idioms). Variable names
were transformed from cryptic abbreviations to descriptive identifiers. Methods received
comprehensive Javadoc documentation explaining purpose, parameters, and return values.
The code adopted enhanced for-loops and eliminated manual resource management. This
example shows how even without dramatic structural changes, thoughtful naming and
documentation combined with modern idioms can elevate code to exemplary quality.

5.5. Statistical Summary

Table 6 provides comprehensive statistical results.
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Table 6. Comprehensive statistical analysis summary.

Comparison Metric t p-Value ds 95% CI Sig.

Legacy vs. Improved CC −3.45 0.0012 0.19 (small) [0.07, 0.31] **
Legacy vs. Improved MI 8.92 <0.0001 1.86 (v. large) [1.36, 2.35] ***
Baseline vs. Proposed Score 1.36 0.1790 0.08 (trivial) [−0.04, 0.20] ns

*** p < 0.001, ** p < 0.01, ns: not significant.

Results demonstrate that the multi-objective framework achieves transformative prac-
tical significance for MI (very large effect), modest but significant CC improvements,
and that iterative refinement provides no benefit (negative result).

5.6. Sensitivity Analysis

To assess robustness of our findings to composite score parameter choices, we varied
weights and thresholds systematically.

Weight sensitivity. We tested six weight configurations, varying w1 (MI) from 0.2 to
0.6 and w2 (CC) from 0.1 to 0.5. The overall metric-level success rate (percentage of samples
with improved composite score) remained stable between 93.6% and 97.9%, varying by at
most 4.3 percentage points. Success decreased only when CC was given disproportionate
weight (w2 = 0.5), consistent with the smaller CC effect size.

Threshold sensitivity. Varying the acceptable MI gain threshold from +3 to +8 and
the tolerable CC increase from +1 to +3, the “ideal success” rate (both metrics improve)
remained invariant at 51.1% across all configurations. The “acceptable trade-off” classifica-
tion varied modestly: stricter thresholds reclassified six samples (12.8%) from acceptable to
rejected; lenient thresholds reclassified three samples (6.4%).

Key finding. Individual metric results (paired t-tests, effect sizes with CIs) are entirely
independent of weight and threshold choices, as they compare raw CC and MI values.
The sensitivity analysis confirms that reported results are not artifacts of parameter tuning.
Future work could explore dynamic weighting based on project-specific priorities (e.g.,
prioritizing CC reduction for safety-critical systems).

6. Discussion
6.1. Why Multi-Objective Optimization Matters

Single metrics create pathological incentives. CC-only optimization produces over-
abstraction (Failure Mode 1) where excessive method extraction reduces per-method com-
plexity while increasing architectural complexity through delegation. MI-only optimization
enables cosmetic improvements where reformatting and renaming boost MI without sub-
stantive quality gains. Our joint optimization prevents these pathologies. The 51.1% joint
success rate (both CC and MI improve) demonstrates balanced optimization feasibility.
The 97.9% composite score improvement while maintaining 95.7% MI improvement and
53.2% CC reduction shows our framework achieves comprehensive quality enhancement
without pathological trade-offs.

6.2. Effect Size as Practical Significance Indicator

Cohen’s ds = 1.86 (95% CI [1.36, 2.35]) for maintainability substantially exceeds
conventional thresholds: 2.3 times the large effect threshold (d = 0.8) and 1.4 times the very
large threshold (d = 1.3) [15,16]. The lower bound of the confidence interval (d = 1.36)
still exceeds the “very large” threshold, providing strong evidence that the true effect is
at minimum very large. This magnitude indicates transformative practical significance
comparable to major interventions in other fields. For context, software engineering studies
rarely report effects exceeding d = 1.0. Our result suggests LLM-based modernization
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produces more substantial metric-level improvements than typical SE interventions. This
addresses Gap 2 (statistical rigor) by demonstrating that improvements are not merely
statistically detectable but materially meaningful for real-world maintenance as measured
by established quality metrics.

Metric-level vs. functional improvement. We note the distinction between metric
improvement and verified functional equivalence. While the very large effect size provides
compelling evidence of quality metric improvement, the practical impact on maintenance
outcomes further depends on behavioral preservation, which we validated through manual
inspection (20% sample) but not through automated testing. Practitioners should comple-
ment metric-based assessment with functional testing before deploying modernized code.

6.3. Pattern-Based Predictive Theory

Our taxonomy enables prediction from code characteristics. Structural complexity
(nested conditionals, long methods) leads to Patterns 1 and 3 being effective with high
success. Pre-modern idioms (Java less than 8 patterns) lead to Pattern 2 being effective
with high success. High initial quality (MI greater than 75) leads to Mode 2 (limited
potential) with low ROI. Algorithmic complexity (parsers, state machines) leads to Mode
3 (irreducible) with CC being resistant. This predictive framework addresses Gap 3 by
providing mechanistic understanding beyond black-box treatment, enabling practitioners
to prioritize modernization efforts and set realistic expectations.

6.4. Generalizability Beyond Java

Our taxonomy likely generalizes because identified patterns reflect universal program-
ming principles. Control flow simplification (Pattern 1) applies across imperative languages
(Python, C++, JavaScript, C#). Guard clauses, early returns, and conditional consolida-
tion are language-agnostic refactoring techniques [17]. Modern idiom adoption (Pattern
2) principle generalizes though specific idioms vary: Python list comprehensions, C++
range-for loops, JavaScript arrow functions. All reflect shift from imperative to declarative
style. Structural reorganization (Pattern 3) applies universally: extract function, parameter
objects, and cohesion principles transcend languages. Naming enhancement (Pattern 4) is
entirely language-independent, affecting comprehension across all languages.

Failure modes also generalize. Over-abstraction occurs in any language supporting
abstraction. Limited improvement potential applies universally to high-quality code. Algo-
rithmic irreducibility reflects inherent problem complexity independent of implementation
language. Statistical methodology fully generalizes: paired t-tests, Cohen’s d, and multi-
objective optimization apply to any language or domain. Validation is needed for functional
languages (Haskell, OCaml) with fundamentally different paradigms, domain-specific lan-
guages with specialized idioms, and assembly/low-level languages where abstraction
concepts differ. Although we discuss theoretical generalizability, empirical validation on
additional languages remains essential. Our framework’s metric computation would need
to be adapted (e.g., replacing Lizard’s Java-specific CC with language-appropriate tools),
while the statistical methodology and taxonomy structure transfer directly.

6.5. Comparison with Related Work

Traditional rule-based tools achieve high precision (greater than 95%) but limited
coverage and require extensive engineering [17]. Our approach achieves comparable
metric-level success rates (95.7% MI, 97.9% overall) with broader applicability and minimal
setup. Recent LLM code generation studies report 30–70% functional correctness [2,6]. Our
97.9% quality improvement rate exceeds these figures, though task differences (generation
vs. transformation) preclude direct comparison and our metric does not assess functional
correctness. Prior metric studies report typical MI ranges 50–80 for mature projects [29].
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Our improvements elevate code from moderate (64.31) to good (78.35) maintainability,
achieving tier advancement requiring substantial manual effort in prior work [28]. Research
on effect sizes in SE rarely reports d > 1.0. Our ds = 1.86 represents an uncommonly
large effect, suggesting LLM-based modernization produces more substantial metric-level
improvements than typical SE interventions.

6.6. Threats to Validity

Following established guidelines [30], we identify threats across four categories.

6.6.1. Internal Validity

Model selection means results depend on CodeLlama-7b-Instruct-hf. Larger models
(GPT-4 [5]) might achieve superior results but introduce replication challenges. Our choice
prioritizes replicability and accessibility. Prompt engineering results exhibit sensitivity to
prompt design. Our prompts underwent iterative refinement through pilot testing on a
held-out calibration set (10 files, excluded from evaluation); alternative formulations might
yield different outcomes. Random seed was fixed at 42, ensuring reproducibility but may
not represent average performance across initializations. Multiple runs with different seeds
would strengthen confidence. Composite score weights were calibrated on the held-out
pilot set and verified through sensitivity analysis (Section 5.6); individual metric results are
independent of weight choices.

6.6.2. External Validity

The single project (Apache Ant) provides diverse legacy code but represents one
project in one domain. Our controlled design trades breadth for depth, enabling rigorous
measurement while establishing methodology applicable to diverse systems. Sample size
of N = 47 provides adequate power (greater than 0.80 for d ≥ 0.5) [15] but limits subgroup
analysis. Larger studies would enable more nuanced investigation. File size constraints
(filtering to 3–40 KB) exclude very large files. Context window limitations of current LLMs
constrain applicability, though emerging long-context models may address this.

6.6.3. Construct Validity

Metric limitations mean CC and MI measure specific quality aspects but not testability,
security, performance, or accessibility. Comprehensive assessment requires broader met-
ric suites. Absence of functional testing is a key construct validity threat. We validated
syntactic correctness and performed manual inspection on 20% of samples, but did not
execute automated test suites. The 97.9% success rate therefore reflects metric-level im-
provement, not verified behavioral equivalence. Integrating automated compilation and
test execution is our highest-priority future work item. Human judgment involves subjec-
tive assessment beyond quantitative metrics. Qualitative evaluation would complement
quantitative findings.

6.6.4. Mitigation Strategies

Multiple metrics (CC and MI) provide triangulation [30]. Rigorous statistical testing
with effect sizes and confidence intervals strengthens statistical conclusion validity [9].
Manual inspection validates metric-based conclusions. Established dataset (Apache Ant)
enables comparison with future studies. Complete methodological documentation supports
replication. Non-parametric Wilcoxon tests confirm parametric results. Sensitivity analysis
demonstrates robustness to parameter choices. Structured coding protocol with inter-rater
agreement (κ = 0.82) strengthens taxonomy validity.
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7. Conclusions
7.1. Summary of Contributions

This research addresses three critical gaps in LLM-based code modernization evalua-
tion. For Gap 1 (Multi-Objective Optimization), we present the first systematic framework
jointly optimizing cyclomatic complexity and maintainability index, achieving 97.9% metric-
level success with very large practical effects (ds = 1.86, 95% CI [1.36, 2.35], p < 0.0001)
while avoiding pathological single-metric optimization. For Gap 2 (Statistical Rigor), we
provide comprehensive statistical validation including paired t-tests, Wilcoxon confirma-
tion, and Cohen’s d effect size analysis with confidence intervals, addressing SE research
criticisms [8,9]. Our very large effect size demonstrates transformative practical signifi-
cance beyond mere statistical detectability. For Gap 3 (Mechanistic Understanding), we
develop systematic transformation pattern taxonomy identifying four successful patterns
(control flow simplification 53%, modern idiom adoption 78%, structural reorganization
45%, naming enhancement 91%) and three failure modes (over-abstraction 8.5%, limited
potential 14.9%, irreducibility 23.4%) with predictive value (inter-rater κ = 0.82). As a
negative result, iterative refinement provides no significant benefit (p = 0.179, ds = 0.08),
providing valuable guidance for computational resource allocation and addressing positive
publication bias.

7.2. Practical Recommendations

Based on our findings, we offer several recommendations for practitioners. First,
prioritize moderate-quality code (MI 50–70) where improvements are most dramatic. Pre-
filter high-quality code (MI greater than 75) showing limited potential. Second, adopt single-
pass approaches as iterative refinement provides no benefit. Invest in prompt optimization
instead. Third, use our taxonomy to predict success: structural complexity and pre-modern
idioms suggest high success; algorithmic code resists CC reduction. Fourth, implement
mandatory code review and automated testing despite high metric-level success rates
(97.9%). Quality metric improvement does not guarantee behavioral equivalence; functional
verification through test execution is essential before deploying modernized code.

7.3. Limitations and Future Work

Key limitations include results being specific to Java and Apache Ant requiring validation
across languages and projects, functional correctness not being empirically validated through
automated testing, results depending on specific LLM (CodeLlama-7b), sample size (N = 47)
limiting subgroup analysis, and metrics (CC, MI) not capturing all quality dimensions.

Immediate priorities: (1) Automated functional testing—integrate compilation verifi-
cation and test execution, reporting pass/fail rates and analyzing how failures correlate with
transformation patterns (highest priority). (2) Multi-project replication—expand to Apache
Commons, JUnit legacy versions, and at least one non-Java project (e.g., Python legacy code
using pylint/radon for metrics). (3) Multi-model comparison—evaluate Llama 3, GPT-4o,
Claude 3.5 Sonnet, and DeepSeek-Coder-V2 to assess framework generalizability across
models and whether the negative iterative refinement result holds. (4) Expanded sample
size (N ≥ 200) to enable subgroup analysis and more precise CC effect estimation.

Medium-term directions: Additional metrics (coupling, cohesion, security, perfor-
mance); dynamic composite score weighting based on project-specific priorities (e.g., higher
CC weight for safety-critical systems); pattern-guided prompting using taxonomy to gen-
erate targeted prompts; and hybrid approaches combining LLM transformation with
static analysis.
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7.4. Concluding Remarks

This research demonstrates that systematic multi-objective optimization with rigor-
ous statistical validation and transformation pattern analysis addresses critical gaps in
LLM-based code modernization evaluation. Our very large effect size (ds = 1.86, 95%
CI [1.36, 2.35], p < 0.0001) provides compelling evidence that LLM-based modernization
achieves transformative practical significance at the metric level, not merely statistical de-
tectability. The multi-objective framework prevents pathological single-metric optimization
while maintaining high metric-level success rates (97.9%). The transformation taxonomy
enables prediction from code characteristics, moving beyond black-box treatment to mecha-
nistic understanding. The negative result on iterative refinement provides valuable resource
optimization guidance. Key limitations—particularly the absence of automated functional
testing and single-project evaluation—should be addressed before these results inform pro-
duction deployment decisions. As LLMs advance and methodologies mature, automated
modernization may transition from research prototype to standard practice, substantially
reducing legacy system maintenance burden while improving software quality.
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