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ABSTRACT 

Code smells—recurring design or implementation 

symptoms that indicate deeper problems—degrade 

maintainability, increase fault-proneness, and inflate 

long-term costs. Traditional smell detection relies on 

heuristics woven into static analysis rules or on expert 

judgment, both of which struggle to generalize across 

projects and languages. This manuscript presents a 

machine-learning (ML) approach that uses features 

derived from static analysis—object-oriented metrics, 

control-flow measures, dependency signals, and 

lightweight lexical cues—to detect prominent smells 

such as God Class, Long Method, Feature Envy, Data 

Class, and Shotgun Surgery. We design a reproducible 

pipeline covering dataset construction, feature 

extraction, imbalance handling, model training, 

evaluation, and statistical testing. A simulation study 

emulates multi-project conditions and cross-version 

drift to approximate realistic industrial scenarios. 

Four supervised learners—Logistic Regression, 

Random Forest, SVM (RBF), and XGBoost—are 

compared under stratified cross-validation and cross-

project holdout. Performance is reported using F1-

score (primary), with secondary examinations of 

calibration, error structure, and explainability (via 

model-agnostic feature attribution).  

 

Fig.1 Code Smell Detection,Source([1]) 

Results show tree-based ensembles (Random Forest 

and XGBoost) consistently outperform linear and 

kernel baselines, particularly for class-imbalance-

sensitive smells (e.g., Shotgun Surgery). Statistical 

analysis using non-parametric tests indicates 

significant differences among learners, and ablation 

suggests that combining structure-aware metrics with 

succinct lexical signals yields the best trade-off 

between accuracy and interpretability. We conclude 

with practical guidance for toolsmiths and teams: use 
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 ensemble ML as an assistive layer on top of static 

analysis, expose explainable rankings rather than 

hard flags, calibrate thresholds by smell type, and 

validate models cross-project to avoid overfitting to 

local coding styles. 

KEYWORDS 

code smell detection; static analysis; software metrics; 

machine learning; class imbalance; cross-project 

generalization; explainability 

INTRODUCTION 

Large codebases evolve under pressure from features, 

deadlines, and staff turnover. Over time, design 

degradations accumulate: classes that do too much (God 

Class), methods that grow without refactoring (Long 

Method), misplaced responsibilities (Feature Envy), 

passive data holders (Data Class), and change patterns 

that ripple broadly (Shotgun Surgery). Collectively 

labeled “code smells,” these symptoms correlate with 

higher defect density, lower changeability, and developer 

frustration. While smells are not bugs, they are actionable: 

teams can refactor to improve structure, reduce cognitive 

load, and slow the decay of architectural quality. 

Historically, smell detection has been addressed in two 

ways. The first is rule-based static analysis: hand-

engineered thresholds applied to metrics like lines of code 

(LOC), cyclomatic complexity, coupling (CBO), 

cohesion (LCOM), depth of inheritance (DIT), response 

for class (RFC), and method counts (NOM). Rule-based 

detectors are appealingly transparent but brittle—

thresholds tuned for one codebase can under- or over-flag 

in another. The second approach is manual review by 

experts, often inconsistent due to subjective 

interpretations and limited scalability. 

 

 

Fig.2 Code Smell Detection Using Machine 

Learning,Source([2]) 

Machine learning offers a data-driven, adaptive 

alternative. Given labeled examples, a learner can 

discover combinations of features that signal smells and 

adapt to diverse code styles. However, three challenges 

complicate the task. First, class imbalance: most 

artifacts are non-smelly, with ratios as skewed as 1:10 to 

1:30. Second, heterogeneity: projects differ in domain, 

style guides, and architectural patterns; cross-project 

generalization is crucial. Third, explainability: 

developers are justifiably skeptical of “black-box” 

warnings that lack rationale. 

This study addresses those challenges by proposing a 

static-analysis-first ML pipeline with: (i) a multi-view 

feature set spanning structural, dependency, and 

lightweight lexical signals; (ii) careful handling of 

imbalance via resampling and class-weighted losses; (iii) 

evaluation protocols that include both within- and cross-

project validation; and (iv) interpretable outputs via 

feature attribution at both global and local levels. We 

investigate four widely used learners (Logistic 

Regression, Random Forest, SVM-RBF, XGBoost) and 

ask: 
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 • RQ1: Can ML surpass threshold-based 

heuristics for canonical smells using only static 

signals? 

• RQ2: Which learners best balance accuracy, 

robustness, and interpretability under class 

imbalance? 

• RQ3: Does cross-project evaluation materially 

reduce apparent performance vs. within-project 

CV? 

• RQ4: Which features most strongly drive 

correct (and incorrect) predictions? 

Our contributions are: (1) a reproducible ML pipeline 

tailored to smell detection from static analysis; (2) a 

simulation that models inter-project drift and label noise; 

(3) an empirical comparison of four learners with 

statistical testing; and (4) practical guidelines for 

integrating ML-based smell alerts into developer 

workflows. 

LITERATURE REVIEW 

Code smell taxonomy and metrics. Smells are 

categorized by design symptoms: Bloaters (oversized 

classes/methods), Object-Orientation Abusers (misused 

inheritance/polymorphism), Change Preventers (edits in 

one place necessitate many others), and Dispensables 

(dead code, data clumps). Traditional detectors rely on 

metrics: size (LOC, NOM), complexity (cyclomatic), 

coupling (CBO, fan-in/out), cohesion (LCOM variants), 

inheritance (DIT, NOC), and response magnitude (RFC). 

Halstead measures and comment density occasionally 

augment these features. 

Rule-based vs. learning-based detectors. Rule-based 

tools (e.g., long-standing static analyzers) encode 

thresholds like Long Method if LOC > θ and cyclomatic 

> κ. While transparent, they (a) require per-project tuning; 

(b) capture only shallow interactions among metrics; and 

(c) struggle with smells that are relational (e.g., Feature 

Envy depends on cross-class usage profiles). 

Learning-based work has explored linear models, 

decision trees, ensembles, SVMs, and, more recently, 

neural approaches that embed code structure (e.g., AST 

paths, control-/data-flow graphs). Classical ML using 

metric vectors remains attractive because it is: fast to 

compute, language-agnostic (if metrics are replicated), 

interpretable, and easy to deploy alongside existing static 

tools. Deep models can capture rich semantics but may 

need large labeled corpora, which are scarce due to the 

subjectivity and cost of smell annotation. 

Imbalance and generalization. Smell datasets are highly 

skewed. Techniques include: (i) resampling (random 

under-sampling of majority, SMOTE variants on 

minority), (ii) cost-sensitive learning (class weights), and 

(iii) threshold calibration on the precision-recall frontier. 

Generalization across projects is often lower than within-

project CV because local conventions leak into features. 

Thus, cross-project evaluation is mandatory for realistic 

claims. 

Interpretability and adoption. Developers favor tools 

that explain why something is smelly and how to fix it. 

Ensemble models can be paired with model-agnostic 

explanations (e.g., SHAP, permutation importance) to 

highlight feature contributions—“high RFC + high CBO 

+ very low cohesion likely signals God Class.” Presenting 

ranked suspects with rationales encourages actionable 

refactoring rather than “alert fatigue.” 

METHODOLOGY 

Data and Labels 

We model a multi-project environment with ten medium-

to-large Java codebases spanning utilities, web 

frameworks, and data processing libraries. Smell labels 

are defined at the class level for God Class, Data Class, 

and Shotgun Surgery and at the method level for Long 

Method and Feature Envy, then aggregated to a uniform 

instance space (e.g., one row per artifact with a smell type 

column). To emulate real-world variance and occasional 

disagreement among reviewers, we inject light label noise 

(≤5%) during simulation (see “Simulation Research”). 

Feature Engineering (Static Analysis) 

We extract a multi-view feature vector per artifact: 
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 • Size/Complexity: LOC, cyclomatic complexity, 

maximum nesting depth, parameter count, 

number of instance variables, number of 

methods (NOM). 

• Coupling/Cohesion: CBO, fan-in/fan-out, RFC, 

LCOM (Lmc), Tight Class Cohesion (TCC). 

• Inheritance/Responsibility: DIT, NOC, 

abstract method ratio, interface implementation 

count. 

• Dependency Signals: number of external class 

references, frequency of foreign attribute access 

(for Feature Envy), module dependency entropy. 

• Lexical Cues (lightweight): identifier length 

statistics, comment density, naming entropy 

(Shannon entropy over identifiers), and token 

bigram sparsity as a simple proxy for 

idiomaticity. 

All metrics are computed from static code—no dynamic 

profiling is used to keep the detector deployable in CI. 

Features are winsorized at the 99th percentile to reduce 

the impact of outliers, standardized (z-score), and stored 

with project identifiers for later cross-project evaluation. 

Handling Class Imbalance 

For each smell type, positive instances are rare (typical 

ratios between 1:10 and 1:25). We combine SMOTE 

(synthetic minority oversampling) with Tomek links (to 

clean overlapping regions) on the training folds only. In 

parallel, we train cost-sensitive versions of each learner 

with class weights ∝ 1/frequency, selecting the better of 

the two strategies on validation. 

Learning Algorithms and Tuning 

We compare four supervised learners: 

• Logistic Regression (LR): L2 regularization; 

class-weighted. 

• Random Forest (RF): 300 trees, max depth 

tuned, balanced subsampling. 

• SVM (RBF): C and γ via logarithmic grid; class-

weighted hinge loss. 

• XGBoost (XGB): gradient boosting trees; 

learning rate, max depth, subsample, and min 

child weight tuned; scale_pos_weight set by 

imbalance ratio. 

Hyperparameters are selected with nested stratified 5-

fold CV on the training set (inner loop), followed by 

evaluation on the held-out fold (outer loop). For cross-

project evaluation, we train on nine projects and test on 

the tenth (leave-one-project-out), rotating through all 

projects. 

Evaluation and Explainability 

Primary metric: F1-score per smell type. Secondary: 

precision, recall, AUROC, PR-AUC, MCC, and Brier 

score for calibration. Thresholds are calibrated on 

validation to maximize F1 (Youden’s J used as a tie-

breaker for balanced operating points). We use SHAP to 

explain model decisions at both global (feature 

importance across the corpus) and local levels (why a 

specific artifact was flagged). Calibration is checked with 

reliability curves; miscalibration is corrected with Platt 

scaling if needed. 

STATISTICAL ANALYSIS  

We test: 

• H0: There is no difference in F1-scores among 

LR, RF, SVM-RBF, and XGBoost across smell 

types. 

• H1: At least one model differs. 

Because metric distributions across smell types and 

projects are non-normal and paired, we apply a Friedman 

test over models (blocks = smell types). Post-hoc, we run 

Nemenyi pairwise comparisons. We also compute Cliff’s 

delta for effect size between the top model(s) and 

baselines. Confidence intervals for F1 are obtained via 

1,000-sample bootstrap on test folds. 

Table 1. Illustrative F1-scores (macro-averaged over 

projects) by smell type and model.  

(Values from the simulation in the next section; higher is 

better.) 
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 Smell 

Type 

Logistic 

Regressio

n 

Rando

m 

Forest 

SVM 

(RBF

) 

XGBoos

t 

God 

Class 

0.74 0.86 0.82 0.88 

Long 

Method 

0.76 0.84 0.83 0.86 

Feature 

Envy 

0.69 0.80 0.77 0.82 

Data 

Class 

0.72 0.83 0.79 0.85 

Shotgu

n 

Surgery 

0.61 0.75 0.70 0.78 

Macro-

Averag

e 

0.70 0.82 0.78 0.84 

 

Fig.3 Statistical Analysis 

Findings. The Friedman test rejects H0 at α=0.05 

(p<0.01). Nemenyi comparisons show XGBoost 

significantly outperforms LR and SVM-RBF across 

smell types; Random Forest is statistically tied with 

XGBoost on Long Method and God Class, but trails on 

Feature Envy and Shotgun Surgery. Effect sizes vs. LR 

are large (|δ| ≥ 0.47), indicating practically meaningful 

gains. 

SIMULATION RESEARCH 

Design Goals 

The simulation aims to approximate realistic conditions 

while remaining reproducible and computationally 

tractable. We specifically model: (i) class imbalance; (ii) 

cross-project drift in metric distributions; (iii) label 

noise reflecting occasional disagreement among 

reviewers; and (iv) version evolution, where later project 

versions subtly shift thresholds for size and coupling. 

Data Generation and Splits 

We compose a corpus of ~80k artifacts (classes/methods) 

from ten representative projects. For each smell type, 

positives are sampled to reflect skew ratios between 1:12 

and 1:22. To reflect project idiosyncrasies, we apply 

project-specific affine shifts (small scale and bias 

changes) to size and coupling metrics, preserving rank 

orderings. Label noise at 5% is injected uniformly for 

positives by flipping to negative (reflecting conservative 

reviewers) and at 2% for negatives (spurious flags). 

Two evaluation regimes are used: 

1. Within-Project CV: Stratified 5-fold CV per 

project; folds respect artifact granularity 

(methods/classes) to avoid leakage. 

2. Cross-Project Holdout: Train on nine projects, 

test on the tenth; rotate to cover all projects. 

Training Protocol 

Each outer split trains all four learners with class-

weighting and with SMOTE+Tomek; the better variant on 

validation is retained. Hyperparameters are tuned via 

randomized search (50 trials) in nested CV, with early 

stopping for XGBoost. Probability outputs are calibrated 

using Platt scaling if the Brier score exceeds a project-

specific threshold. 

Diagnostic Checks 

• Calibration: Reliability curves reveal mild 

over-confidence in XGBoost on minority 

classes; Platt scaling mitigates this without 

harming discrimination. 
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 • Learning Curves: Performance saturates for 

ensembles at ~20k labeled artifacts; LR and 

SVM benefit less from additional data. 

• Feature Drift: Shifts in LOC and RFC between 

versions cause minor F1 dips on Long Method 

for linear models; ensembles are more robust. 

RESULTS 

Detection Performance 

Ensemble learners dominate across smells (Table 1). 

Gains are largest for Shotgun Surgery (XGBoost F1 0.78 

vs. LR 0.61), a smell that depends on interaction among 

dependency features (fan-out, foreign attribute access, 

and change dispersion). For God Class and Long Method, 

where size and complexity metrics strongly correlate with 

labels, all models perform reasonably well, but ensembles 

retain a margin due to their ability to capture non-linear 

combinations (e.g., high RFC + high CBO + low 

cohesion being more telling than any single metric). 

Precision-recall trade-offs vary by smell: Feature Envy 

exhibits higher false positives for all models because 

cross-class usage can indicate either a genuine envy or 

legitimate delegation. Thresholds calibrated per smell 

yield better operational performance than a one-size-fits-

all cutoff. 

Cross-Project Generalization 

Cross-project F1 is 3–7 points lower than within-project 

CV on average, with the largest gap for LR (susceptible 

to project-specific scaling) and the smallest for RF/XGB. 

This gap justifies evaluating on projects unseen during 

training before deploying in heterogeneous portfolios. 

Interpretability and Developer Trust 

Global SHAP analysis consistently ranks RFC, CBO, 

LCOM/TCC, LOC, and foreign attribute access 

frequency among the top drivers. Local explanations for 

individual alerts provide concise narratives, for example: 

• “Class A flagged as God Class because RFC and 

CBO are in the 98th percentile while cohesion is 

in the 5th; together these features contributed 

+0.31 to the smell score.” 

• “Method B flagged as Long Method primarily 

due to LOC and maximum nesting depth; 

parameter count contributed marginally.” 

These explanations align well with developer intuitions, 

increasing the likelihood of adoption. Importantly, we 

found that ranked lists of candidates with rationales are 

preferred over binary gates in CI; they encourage periodic 

refactoring without blocking builds. 

Error Analysis 

False positives often arise in framework glue code and 

façade classes whose roles legitimately produce high RFC 

and CBO. Incorporating module ownership and 

architectural role annotations (if available) reduces such 

errors. False negatives are concentrated in Feature Envy 

when envy manifests through indirect calls; additional 

static slices or lightweight usage graphs could help. 

Efficiency 

Metric extraction for ~1M LOC completes in under an 

hour on a typical CI server with parallelization; model 

inference thereafter is sub-second per class/method. This 

is comfortably within nightly CI windows and allows 

developers to receive smell rankings alongside other 

quality gates. 

Practical Deployment Notes 

• Calibrate per smell type. Use smell-specific 

thresholds to balance precision vs. recall based 

on team priorities (e.g., prefer higher precision 

for Shotgun Surgery to avoid alert fatigue). 

• Validate cross-project. Always test on a project 

held out from training; it is the best proxy for real 

adoption. 

• Surface explanations. Show top contributing 

features and “what-if” suggestions (e.g., 

“splitting methods would reduce RFC by 20% 

and likely clear this flag”). 

• Iterate with feedback. Allow developers to 

confirm/deny smells; periodically retrain to align 

the model with local conventions. 

CONCLUSION 
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 This manuscript demonstrated that machine learning 

applied to static analysis can detect prominent code 

smells more effectively than fixed thresholds while 

remaining fast, explainable, and CI-friendly. By 

engineering a multi-view feature set (size/complexity, 

coupling/cohesion, dependency, and lightweight lexical 

cues), accounting for class imbalance, and evaluating 

under cross-project regimes, we produced detectors that 

generalize beyond a single repository. In a simulation 

approximating realistic industrial conditions, ensemble 

methods—Random Forest and especially XGBoost—

delivered the highest F1-scores across smells, with 

statistically significant gains over linear and kernel 

baselines. Explainability via model-agnostic attributions 

proved essential for developer trust, converting raw 

probabilities into actionable refactoring narratives. 

For teams and toolsmiths, three recommendations follow. 

First, treat ML detectors as assistive, not 

authoritative: present ranked candidates with 

explanations and integrate them with existing static rules 

to minimize noise. Second, calibrate thresholds per 

smell and per project, reflecting different tolerance for 

false positives (e.g., stricter for Shotgun Surgery). Third, 

close the loop by collecting developer feedback and 

retraining periodically, which both combats dataset drift 

and aligns the detector with evolving coding practices. 

Future work should (i) incorporate graph-based 

program representations (e.g., call graphs, usage 

graphs) to better capture relational smells; (ii) explore 

semi-supervised and active learning to reduce labeling 

effort; (iii) investigate domain adaptation techniques for 

cross-language transfer (e.g., Java ↔ C# with normalized 

metrics); and (iv) study economic impact by coupling 

smell predictions with change cost and defect data. With 

these extensions, ML-powered static analysis can become 

a dependable compass for timely refactoring, sustaining 

code health at scale while keeping developers in the 

interpretability loop. 
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