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ARTICLE INFO ABSTRACT

Keywords: Context: Machine learning and deep learning approaches for code smell detection typically rely on large-scale
Coée smell detection labeled datasets. In practice, labeled code smell resources are scarce, while unlabeled code is abundant—
Active learning making active learning a promising solution to alleviate the data scarcity bottleneck. Prior work in software
Large Language Model

engineering has demonstrated that active learning can enhance model performance under limited labeling and
training budgets, yet its specific effectiveness for code smell detection remains unclear.

Objective: To systematically investigate the impact of active learning (query strategies, classifiers, query rates)
on code smell detection and to examine whether the findings are sensitive to the choice of pretrained code
representation model.

Method: We conduct a comprehensive empirical study on the MLCQ dataset, which contains 4365 code
snippets covering four common code smell types (Data Class, Blob, Long Method, Feature Envy). We first
use CodeBERT to extract semantic features of code snippets, then evaluate 5 families of active learning query
strategies (instantiated into 11 concrete variants), 8 classifiers, and 10 query rates (ranging from 5% to 50% in
5% increments). We further compare CodeBERT with GraphCodeBERT, CodeT5, and PLBART under the optimal
active-learning configuration to assess representation-model robustness. To ensure robust and reliable results,
we adopt stratified 10-fold cross-validation, four evaluation metrics (Precision, Recall, F1-score, Matthews
Correlation Coefficient (MCC)), and the Scott-Knott Effect Size Difference (ESD) test for statistical significance
validation.

Results: (1) Among the 11 query strategies considered, uncertainty-based and committee-based approaches
consistently outperform the alternatives, with Vote Entropy showing particularly strong performance; (2)
Among the 8 classifiers, Random Forest achieves the best overall results; (3) With respect to the query rate,
increasing it from 5% to 30% yields pronounced performance gains, whereas further increasing it from 30%
to 50% leads to diminishing improvements and, in some cases, performance degradation; (4) The optimal
active learning configuration — combining Random Forest and Vote Entropy — achieves stronger overall
performance than the evaluated prompt-based LLM baselines on the MLCQ dataset; (5) In the representation-
model robustness analysis, CodeBERT remains the best-performing encoder in terms of Fl-score and MCC
across all four code smell types.

Conclusion: Active learning effectively enhances code smell detection performance, and practitioners should
prioritize pairing CodeBERT feature extraction with Random Forest, alongside the Vote Entropy query strategy,
while capping the query rate at 30% to balance detection accuracy and labeling cost. The additional encoder
comparison suggests that this conclusion is not narrowly tied to an obsolete representation choice.

Empirical software engineering
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1. Introduction

As the scale of software systems continues to expand, software
quality has garnered growing attention from both practitioners and
researchers in the field of software engineering [1-3]. One critical
aspect of maintaining software quality lies in identifying and detecting
code smells [4-7]. Code smells are structural indicators of design flaws
or poor programming practices [8], such as Data Class, Blob, Long
Method, and Feature Envy. Although they rarely lead to immediate
system failures, code smells progressively degrade the software archi-
tecture, compromising overall maintainability and quality. Effective
code smell detection, therefore, is an essential strategy for ensuring
software quality. By identifying code smells, developers can prioritize
refactoring efforts and enhance code maintainability.

Two primary approaches have been proposed for code smell detec-
tion: heuristic rule-based methods and machine/deep learning-based
techniques. Rule-based methods [9-12] rely on predefined heuristics,
where code metrics are compared against manually selected thresholds
to detect potential smells. However, the accuracy of this approach is
highly dependent on the choice of thresholds, which are often deter-
mined in an ad-hoc manner and require subjective expert validation.
In contrast, learning-based approaches [13-18] analyze historical data
to extract discriminative features and train classifiers that automati-
cally predict smells in new code. By eliminating the need for hand-
crafted thresholds or rules, these methods have become the prevailing
paradigm for code smell detection [19]. Recent research [20-25] has
also explored the use of Large Language Models (LLMs) for code smell
detection, but preliminary results suggest limited effectiveness (e.g., F1-
scores ranging from 0.18 to 0.49 in Blaauwendraad’s study [20] using
GPT-40 mini with zero-shot) compared to machine/deep learning-based
methods.

1.1. Motivation

Despite the substantial promise of machine/deep learning in code
smell detection, progress is constrained by a fundamental bottleneck:
the scarcity of labeled code smell datasets. Training machine/deep
learning models demands large volumes of precisely annotated data,
and the absence of such resources directly constrains performance im-
provements. Moreover, manual labeling is time-consuming and requires
substantial expert knowledge. To address data scarcity, researchers in
other software engineering domains (e.g., defect prediction [26-28],
vulnerability detection [29,30], and requirements engineering [31])
have embraced active learning. Specifically, active learning identifies
the most information-rich unlabeled samples, engages human experts
to label these samples, and iteratively incorporates these high-value
samples back into model training. This cyclic process not only reduces
reliance on large pre-labeled datasets but also ensures the efficient use
of limited annotation budgets—avoiding redundant labeling and maxi-
mizing the impact of each labeled example. However, the application of
active learning to code smell detection remains largely exploratory, and
its effectiveness for this specific task is not yet well understood. Naively
transferring strategies that succeed in other domains may not yield
comparable benefits for code smell detection and could even degrade
performance.

1.2. Our work and contributions

To address this gap, we conduct a large-scale confirmatory and com-
parative empirical study rather than proposing a new active-learning
algorithm. The primary methodological contribution of this study lies
in providing a comprehensive empirical evaluation of active learning
for code smell detection under a unified and systematically controlled
experimental setting, enabling a clearer understanding of how dif-
ferent active learning configurations influence detection effectiveness
under limited labeling budgets. Specifically, we systematically examine
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five families of query strategies — uncertainty sampling, committee-
based querying, expected model change, error reduction querying,
and density weighted querying — and eleven concrete instantiations:
Margin Sampling, Least Confident, Entropy Sampling, Vote Entropy,
Batch Mode Active Learning, Expected Error Reduction, Graph Den-
sity, Querying Informative and Representative Examples, Self-Paced
Active Learning, Ranked Batch Mode Active Learning, and Random
Sampling. We carry out this study on the Industry-Relevant Code Smell
Data Set (MLCQ) [32], which contains 4365 code snippets covering
four common code smell types (Data Class, Blob, Long Method, and
Feature Envy) and is widely used in empirical software engineering
research [26,33-37]. We first employ CodeBERT to extract semantic
features from code snippets in this dataset. Subsequently, we con-
struct code smell detection models by combining these features with
eight classifiers, namely Naive Bayes, Logistic Regression, Decision
Tree, K-Nearest Neighbors, Multi-Layer Perceptron, Support Vector
Machine, Random Forest, and AdaBoost, along with the aforemen-
tioned active learning strategies. Moreover, we explore ten query rates,
ranging from 5% to 50% in 5% increments, to comprehensively under-
stand the impact of different levels of active data selection on model
performance.

RQ1: How do different active learning query strategies affect
the performance of code smell detection models?

We evaluate 11 active learning query strategies (including Random
Sampling) and a baseline of no active learning (“NONE”) across four
common code smell types (Data Class, Blob, Long Method, and Feature
Envy) using eight classifiers, with the initial labeled data ratio and
preset active learning query rate fixed at 5%; we compute the average
performance of each query strategy across the eight classifiers for each
code smell type and each evaluation metric (Precision, Recall, F1-score,
and Matthews Correlation Coefficient (MCC)), and validate the statisti-
cal significance of performance differences using the Scott-Knott Effect
Size Difference (ESD) test [38]. The results show that across the four
code smell types and four evaluation metrics, uncertainty-based query
strategies (Margin Sampling, Least Confident, and Entropy Sampling)
and the committee-based strategy (Vote Entropy) consistently outper-
form other strategies, with Vote Entropy exhibiting particularly strong
performance. All active learning strategies outperform the “NONE” and
Random Sampling baselines in most cases.

RQ2: How does the choice of classifier influence the perfor-
mance of code smell detection models?

We compare the performance of 8 classifiers across four code smell
types and four evaluation metrics, with the initial labeled data ratio
and per-iteration query rate fixed at 5%, calculating the average per-
formance of each classifier across the 11 query strategies and validating
statistical significance via the Scott-Knott ESD test; the results demon-
strate that Random Forest achieves the best overall performance across
most code smell types and metrics: it ranks first in F1-score for all four
code smell types (0.437 for Data Class, 0.368 for Blob, 0.829 for Long
Method, 0.855 for Feature Envy) and leads in MCC for three of the four
types (0.425 for Data Class, 0.799 for Long Method, 0.794 for Feature
Envy).

RQ3: What is the impact of varying query rates within an active
learning framework on the effectiveness of code smell detection?

We set the query rate from 5% to 50% in 5% increments, select the
top-performing Vote Entropy and Margin Sampling as the main query
strategies (with Random Sampling as the baseline) and Random Forest
as the classifier (based on findings from RQ1 and RQ2), and analyze
how the performance of code smell detection models changes with
increasing query rates across four code smell types and four evaluation
metrics. The results indicate that as the query rate increases from 5%
to 30%, the Precision, Recall, F1-score, and MCC of models using Vote
Entropy and Margin Sampling generally improve, whereas the query
rate further increases from 30% to 50%, performance gains become
marginal and even decline in some cases.
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RQ4: How sensitive is the active learning framework to the
choice of pretrained representation model?

We further examine the robustness of the proposed active-learning
framework with respect to the choice of pretrained representation
model by comparing CodeBERT, GraphCodeBERT, CodeT5, and
PLBART under the same optimal Vote Entropy+Random Forest setting
with a 30% query rate. The results show that CodeBERT achieves
the highest F1-score and MCC across all four code smell types, while
alternative encoders remain competitive on selected individual metrics,
such as Long Method Recall and Feature Envy Precision. These findings
indicate that representation choice affects absolute performance, but
CodeBERT provides the strongest and most balanced results under the
optimal active-learning configuration.

To underscore active learning’s value in code smell detection, we
further compare it with a broader set of representative prompt-based
LLM baselines, including GPT-family models reported in prior studies
and three additional non-GPT models (DeepSeek-V4, GLM-5.1, and
Kimi-2.6) evaluated on the same MLCQ dataset. The results show that
the optimal active learning configuration (combining Random Forest
and Vote Entropy) achieves stronger overall performance across the
four smell types, clearly outperforming the evaluated LLM baselines on
Blob, Long Method, and Feature Envy, while remaining competitive on
Data Class where GPT-4 few-shot obtains the highest F1-score.

This study makes the following contributions.

(1) We provide a large-scale and systematically controlled em-
pirical evaluation for active-learning-based code smell detection that
covers five query-strategy families (11 concrete instantiations), eight
classifiers, and ten query budgets under a shared CodeBERT repre-
sentation, enabling controlled and reproducible comparison across the
active-learning design space.

(2) We identify the optimal active learning configuration — Vote
Entropy as the query strategy, paired with the Random Forest classifier
and a 30% query rate — which achieves stronger overall performance
than representative prompt-based LLM baselines on the MLCQ dataset
under their reported settings, and provide actionable implications for
researchers and practitioners.

1.3. Organization

The remainder of this paper is organized as follows. Section 2
reviews the related work. Section 3 presents our application of active
learning to code-smell detection, including the model design, query
strategies, and stopping criteria. Section 4 describes the experimental
setup, and Section 5 reports and analyzes the empirical results. Sec-
tion 6 first compares the performance of the optimal active learning
configuration with LLMs for code smell detection, then discusses the
implications of these findings. Section 7 outlines the threats to validity.
Finally, Section 8 concludes the paper.

2. Related work
2.1. Heuristic rule-based approaches for code smell detection

Heuristic rule-based approaches to code smell detection typically
rely on structural dependencies, software metrics, and expert-crafted
rules to flag specific smells. Representative techniques include DECOR
[11], which formalized smell characteristics into rule sets for sys-
tematic detection; JMove [39], which compared dependency-profile
similarity to recommend Move Method refactoring opportunities; and
JDeodorant [40], which used Jaccard similarity to detect Feature Envy
and, in later versions, recommended refactorings for issues such as
Long Methods and Blobs. For dynamic languages, JSNose [41] utilized
object-oriented metrics to identify code smells in JavaScript. In addition
to individual tools, Fernandes et al. [42] conducted a comprehensive
review of the state of practice, highlighting usability issues and offering
design guidelines for developers. Collectively, these heuristic methods
depend on predefined metrics, rules, and thresholds, which can limit
generalizability and lead to false positives, motivating learning-based
alternatives.

Information and Software Technology 200 (2026) 108302
2.2. Machine/deep learning-based approaches for code smell detection

Machine learning techniques have been extensively applied to the
detection of code smells in software systems. Kreimer [43] applied
classification and regression trees to find Blob and Long Method smells,
demonstrating the promising potential of machine learning-based ap-
proaches. Amorim et al. [44] later validated these findings through
experiments conducted on four medium-sized open-source systems.
Vaucher et al. [45] used a Naive Bayes classifier to examine the evolu-
tion of Blob smells over time, whereas Maiga et al. [46] adopted Sup-
port Vector Machines to incrementally detect newly introduced Blob
instances. Building on this line of work, Vaucher and Khomh [47] ex-
plored the use of Bayesian belief networks for handling multiple types
of code smells. In a broader comparative study, Fontana et al. [17]
evaluated six machine learning classifiers across four categories of
smells and found that Random Forest outperformed the other models
for most smell types. Nucci et al. [19] replicated and extended this
study by merging datasets to enhance the realism and robustness of
the evaluation.

In addition, the issue of data imbalance has gained significant
attention in code smell detection research. Given the inherent class im-
balance in code smell datasets, where instances of code smells are often
far fewer than non-smelly code, researchers have explored the potential
of imbalance learning methods in improving detection performance.
Boutaib et al. [48] proposed ADIODE, an evolutionary search-based
engine for detecting eight types of code smells, which incorporates
the F-measure as its fitness function to explicitly address the issue
of data imbalance. Pecorelli et al. [9] compared machine learning
methods (e.g., Naive Bayes) with heuristic rule-based approaches, eval-
uating five data balancing techniques: oversampling, undersampling,
SMOTE, cost-sensitive classifiers, and one-class classifiers. They found
that while SMOTE slightly improved performance, other imbalance
learning techniques did not significantly enhance detection accuracy.
Yedida et al. [49] investigated the combination of fuzzy oversampling
and SMOTE, finding it to be effective in addressing the imbalance in
code smell detection. Guo et al. [50] introduced STANDER, an oversam-
pling technique that generated synthetic samples based on code entity
similarity to address class imbalance in Feature Envy prediction.

Recently, deep learning has gained momentum in code smell detec-
tion. Empirical studies show that deep learning models, such as con-
volutional neural networks (CNNs), recurrent neural networks (RNNs),
residual networks, and Transformers often outperform traditional ma-
chine learning models. For instance, Sharma et al. [51] trained CNN-
and RNN-based detectors for four types of code smells, demonstrat-
ing the effectiveness of deep learning and transfer learning for this
task. Sharma et al. [51] further explored autoencoder-based variants
— AE-Dense, AE-CNN, and AE-LSTM — that compress source-code
tokens with an autoencoder and feed the latent representation into
a fully connected, one-dimensional convolutional, or LSTM classifier,
respectively. Yang et al. [52] proposed a Siamese graph neural net-
work focused on local semantics matching between code graphs, using
real-world refactoring data to improve Feature Envy detection. Zhang
et al. [53] reviewed data preparation techniques for deep learning-
based code smell detection, identifying key challenges in dataset con-
struction and offering recommendations to improve data diversity,
standardization, and accessibility for better model performance. More
recent efforts further enrich this landscape: Kovacevié et al. [54] feed
pretrained CuBERT token embeddings into classical machine-learning
classifiers to discriminate Long Method and God Class; Ho et al. [55]
propose DeepSmells, which routes token-indexing embeddings through
a CNN+LSTM cascade to jointly capture local and sequential patterns;
and Ho et al. [56] extend this design into EnseSmells, a dual-pathway
ensemble that integrates a semantic branch built on pretrained code
language models with a structural branch of design metrics.

Although machine learning and deep learning-based approaches
have shown significant improvements over heuristic rule-based meth-
ods in code smell detection, their performance is still constrained by
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the scarcity of labeled datasets. Meanwhile, there exists a large amount
of unlabeled data in the field of code smells that could potentially be
leveraged for further improvements. Therefore, this paper explores the
use of active learning to effectively utilize unlabeled data, aiming to
enhance the performance of code smell detection models.

2.3. LLM-based approaches for code smell detection

In recent years, LLMs trained on massive corpora of both nat-
ural language text and source code have seen widespread applica-
tion across software engineering tasks [57-59]. Such progress has
also motivated researchers to systematically evaluate and enhance
LLM performance for code smell detection tasks [20,21,23,24,60].
For example, Blaauwendraad et al. [20] conducted a comprehensive
evaluation of GPT-40-mini on the MLCQ dataset, using prompt engi-
neering techniques across four types of code smells, covering zero-shot,
few-shot, chain-of-thought, and role-driven prompting strategies. The
results showed uneven performance across code smells. Specifically,
GPT-40-mini achieves very high Recall on Blob detection, reaching up
to 1.00, but its Recall is lower on Long Method and Feature Envy,
with maximum values of 0.69 and 0.31, respectively. Precision re-
mains limited across categories, with the highest value reaching 0.44
on Data Class and only 0.17 on Feature Envy. Consequently, its F1-
scores remain modest, ranging from 0.18 to 0.55 across the reported
settings. In a comparative study, Mesbah et al. [23] compared the
performance of GPT-4 and Llama models across four code smell types.
Their findings revealed that GPT-4 outperformed Llama in detecting
Long Method and Data Class smells under the few-shot setting, with
Recall rates of 0.85 and 0.78, respectively. However, GPT-4’s perfor-
mance was significantly weaker for Feature Envy and Blob smells, with
Recall rates of just 0.03 and 0.008. On the other hand, Llama showed
consistently poor performance across all code smell types, with the
highest Fl-score only reaching 0.24. Gomes et al. [24] carried out
another experiment, using the GPT-40 model to assess the impact of
prompt design and model fine-tuning on detection performance. They
compared four experimental setups: zero-shot, specialized prompts,
specialized prompts combined with evaluation metrics, and model fine-
tuning. The results indicated that under the zero-shot condition, both
Recall and Precision were generally around 0.5, with F1-scores for some
code smells dropping as low as 0.12. However, after optimizing the
specialized prompts and fine-tuning the inference parameters, there
was a noticeable improvement in the model’s detection performance.
Overall, existing research demonstrates that while LLMs hold some
potential for code smell detection, their overall performance remains
relatively modest. There are significant performance biases across dif-
ferent code smell types, and the models show considerable sensitivity to
prompt design, leading to fluctuations in the reliability and consistency
of detection results.

2.4. Active learning for software engineering

In software engineering, particularly when faced with challenges
such as high annotation costs, large datasets, or scarce labeled data, ac-
tive learning techniques efficiently leverage limited labeling resources.
By intelligently selecting and annotating the most informative unla-
beled data, active learning not only significantly reduces the annotation
workload but also enhances model accuracy and generalization. As
a result, it has been widely applied to various software engineering
tasks [61]. For example, in vulnerability detection, Yu et al. [29] pro-
posed HARMLESS, which ranked code artifacts for review by their in-
formation value and reduced the amount of inspection needed to reach
a target Recall. Sun et al. [30] combined active learning with semi-
supervised training and used BERT to classify vulnerabilities in smart
contracts. In software defect prediction, Li et al. [26] introduced ACo-
Forest, an active semi-supervised method that applied disagreement-
based sampling to select modules most useful for prediction, and Lu
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et al. [27] developed TAL, a threshold-based active learning strategy
tailored to cross-version defect prediction. Liapis et al. [28] applied
active learning methods with ensemble techniques to enhance defect
prediction model performance, reduce labeling efforts, and significantly
reduce the training set size by up to 75%. Beyond defects, Murukan-
naiah et al. [62] applied active learning to place recognition in the
development of location-aware applications, improving efficiency and
accuracy. Despite these advances, the use of active learning for code
smell detection remains underexplored and calls for systematic investi-
gation, especially because annotating code smells often requires expert
effort.

2.5. Research gap

Overall, the aforementioned existing code smell detection research
has mainly focused on heuristic rule-based methods, supervised ma-
chine/deep learning approaches, and, more recently, prompt-based
LLM techniques. While these approaches have achieved encouraging
results, they either rely heavily on handcrafted rules or require large
labeled datasets. In addition, existing LLM-based approaches often
exhibit unstable performance across different smell types and remain
highly sensitive to prompt design and inference settings. Although
active learning has been successfully applied to other software engi-
neering tasks such as defect prediction and vulnerability detection, its
application to code smell detection remains largely underexplored and
lacks systematic empirical evaluation. No prior study has systematically
characterized the interaction among query strategies, classifiers, and
annotation budgets for code smell detection within a unified exper-
imental setting. To address this gap, our study provides a unified
and large-scale investigation of active learning for code smell detec-
tion by systematically comparing five query-strategy families, eleven
concrete strategies, eight classifiers, ten query rates, and multiple pre-
trained code representation models within a controlled experimental
framework. Furthermore, by comparing the optimal active learning
configuration with recent deep learning approaches and representative
LLM-based baselines, our results indicate that active learning consti-
tutes a promising and practical direction for achieving more stable
and effective code smell detection while substantially reducing labeling
effort.

3. Active learning-based code smell detection

An active learning-driven workflow for code smell detection aims to
enhance model performance by strategically selecting high-value unla-
beled samples for expert annotation. This process reduces dependence
on large labeled datasets and enables more efficient use of limited
labeling resources. As illustrated in Fig. 1, the workflow proceeds
through the following stages:

1. Model Initialization: A base detection model is first trained
using a small seed dataset with known code smell labels.

2. Sample Selection via Query Strategy: Guided by a chosen
active learning query strategy, the system evaluates the unla-
beled pool and identifies the most informative code samples for
annotation.

3. Expert Annotation: Software engineering experts manually re-
view and label the selected code samples.

4. Model Update: The newly labeled code samples are incorpo-
rated into the training set, and the model is updated through
either incremental learning or full retraining to improve its
detection capability.

5. Iterative Refinement: Steps 2-4 are repeated, continuously se-
lecting, labeling, and integrating new code samples until a stop-
ping condition is satisfied, such as reaching a target performance
level or exhausting the query budget.
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Fig. 1. The overview of the active learning workflow for code smell detection.

Table 1
The categories of classification models for code smell detection.

Category Classifier

Probabilistic/Statistical models
Tree-based models
Instance-based models

Neural models

Margin-based models
Ensemble models

Naive Bayes, Logistic Regression
Decision Tree

K-Nearest Neighbors
Multi-Layer Perceptron

Support Vector Machine
Random Forest, AdaBoost

3.1. Code smell detection model construction

To effectively detect code smells, we adopt a two-stage architecture
in which source code is first mapped into semantic vector representa-
tions, followed by downstream classifiers that learn decision boundaries
for identifying specific smell types. This design leverages pretrained
models to capture rich structural and semantic cues, while allowing
traditional classifiers to provide efficient predictions. In this study, we
employ CodeBERT [63], a transformer-based model pretrained on both
natural language and programming language data. Each code snippet is
tokenized and passed through CodeBERT to obtain a 768-dimensional
vector embedding, which serves as the feature foundation for building
code smell detection models. To ensure a controlled experimental set-
ting, all configurations share the same CodeBERT feature extractor. This
design isolates the effects of active learning strategies, classifier choices,
and query budgets from those of the underlying code representation,
enabling a more rigorous comparison of different active learning con-
figurations. Based on the CodeBERT-generated feature representations,
we construct code smell detection models using a variety of machine
learning classifiers, as summarized in Table 1:

Naive Bayes (NB) [64] is a probabilistic model built on Bayes’
theorem with the simplifying assumption that features are condi-
tionally independent.

Logistic Regression (LR) [65] is a linear classification model that
estimates class probabilities through a logistic function.
Decision Tree (DT) [66] constructs a hierarchical set of decision
rules by recursively splitting the feature space.

K-Nearest Neighbors (KNN) [67] classifies a sample by examin-
ing the labels of its closest neighbors in the feature space.
Multi-Layer Perceptron (MLP) [68] is a feed-forward neural
network composed of multiple fully connected layers trained via
backpropagation. Its nonlinear activation functions enable it to
model complex relationships within the feature space.

Support Vector Machine (SVM) [69] identifies a hyperplane
that maximizes the margin between classes. With kernel func-
tions, it can effectively model nonlinear separations in high-
dimensional spaces.

Random Forest (RF) [70] is an ensemble of decision trees built
from bootstrap samples and random subsets of features. It im-
proves robustness and generalization by aggregating predictions
across many diverse trees.
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Fig. 2. The eleven query strategies investigated in our study.

» AdaBoost (ADB) [71] trains a sequence of weak learners, each
focusing on samples misclassified by previous learners. The final
model combines these learners into a strong ensemble through
weighted voting.

Beyond their widespread use in the software engineering litera-
ture [72-74], the selected classifiers were chosen to cover a diverse
range of inductive biases, model complexities, interpretability levels,
and computational characteristics. This diversity enables us to evaluate
active learning across heterogeneous classifier families rather than
within a single modeling paradigm. Specifically, the selected classi-
fiers include probabilistic/statistical models (Naive Bayes and Logistic
Regression), an instance-based model (K-Nearest Neighbors), a margin-
based model (Support Vector Machine), a tree-based model (Decision
Tree), ensemble models (Random Forest and AdaBoost), and a shallow
neural model (Multi-Layer Perceptron). This selection provides a broad
yet controlled evaluation space and is consistent with prior empirical
studies of active learning in software engineering [26].

In addition, these classifiers are generally lightweight and efficient
to retrain, making them particularly suitable for active learning set-
tings that involve repeated cycles of sample selection, annotation, and
model updating. For this reason, and to maintain a controlled exper-
imental setting, we do not include end-to-end deep architectures in
the comparison. Such architectures would not only incur substantially
higher training costs, but would also simultaneously modify both the
representation learning component and the classifier itself, making it
difficult to isolate the effects of active learning strategies and classifier
choice. By using a shared CodeBERT representation for all classifiers,
we ensure a fair and directly comparable evaluation across different
classifier families.

3.2. Query strategy

In active learning, query strategies determine which unlabeled code
samples to annotate next, aiming to maximize improvements in model
performance. Query strategies can be categorized based on their se-
lection mechanisms and the information they exploit, i.e., uncertainty
sampling [75], query by committee [76], expected model change [77],
expected error reduction [78], density weighted querying [79], and
random sampling. To investigate the impact of different strategies
on code smell detection, we implement and compare eleven specific
methods (including random sampling), as summarized in Fig. 2, with
detailed descriptions provided below.
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3.2.1. Uncertainty sampling

Uncertainty sampling selects instances for which the model is least
certain. We adopt Margin Sampling, Least Confident, and Entropy Sam-
pling as they represent three canonical views of predictive uncertainty
— the top-two probability gap, the maximum class probability, and the
full predictive distribution, respectively [75,80,81] — and are among
the most commonly used uncertainty-based strategies in prior software-
engineering active learning studies [34-36]. Being classifier-agnostic
and free of method-specific hyper-parameters, they are well suited
for fair and reproducible comparison. More elaborate estimators (e.g.,
Bayesian/MC-dropout posteriors, deep ensembles, learned acquisition
functions) are intentionally left out, as they introduce extra modeling
assumptions, retraining cost, or hyper-parameters that would reduce
comparability under our unified protocol.

Margin Sampling (MS) [80] selects code samples with the small-
est difference between the top two predicted class probabilities.
A smaller margin indicates higher uncertainty and potentially
greater impact on model improvement.

Least Confident (LC) [82] chooses code samples for which the
model assigns the lowest confidence to its predicted class. For
example, in binary classification, a prediction probability close
to 0.5 indicates high uncertainty.

Entropy Sampling (ES) [81] selects code samples with the high-
est prediction entropy, leveraging an information-theoretic mea-
sure to quantify uncertainty. Samples with higher entropy are
deemed more informative for labeling.

3.2.2. Committee-based querying

It uses an ensemble of models (committee members) to identify
code samples on which the models disagree most. High disagreement
indicates that the sample is informative and should be labeled. In
our study, we use Vote Entropy as the representative committee-based
querying method. We focus on Vote Entropy because it is a widely used
and lightweight disagreement-based strategy that can be implemented
under the same unified protocol as the other query strategies.

+ Vote Entropy (VE) [83] measures the degree of disagreement
among committee members. In our implementation, the commit-
tee is constructed by bagging over different bootstrap samples of
the training data, thereby introducing diversity among the base
learners and yielding slightly different decision boundaries. Sam-
ples with higher disagreement are considered more informative
and are prioritized for annotation, as they are more likely to help
the model better distinguish ambiguous cases.

3.2.3. Expected model change

This family ranks unlabeled samples by how much their labels are
expected to change the model in a useful way. It estimates the size
of the update to the parameters or the decision boundary that would
follow from acquiring a label, and selects the samples most likely to
bring clear performance gains.

» Batch Mode Active Learning (BMAL) [84] selects a batch with
labels that induce large, beneficial model changes while avoiding
redundancy. Within empirical risk minimization, it minimizes a
post-labeling risk upper bound (as a surrogate for expected model
change), which decomposes into a discriminative term and a
representativeness term. The result is an informative, representa-
tive batch yielding clear performance gains via substantial, useful
updates. Compared with single-instance querying methods, BMAL
operates at the batch level and is therefore suitable for fixed
per-round query budgets. Its joint consideration of informative-
ness and representativeness also helps reduce redundant selection
among similar code samples.
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3.2.4. Error reduction querying

It chooses samples that are anticipated to most reduce the model’s
expected future error. This approach evaluates unlabeled samples
against the model trained on current labeled data to select those that
can minimize future prediction risk.

- Expected Error Reduction (EER) [85] estimates the current
expected risk and the expected post-labeling risk obtained by
retraining the model on the candidate paired with each possible
label, weighting each outcome by the model’s predictive poste-
rior over labels. It then selects the instance that maximizes the
estimated risk decrease.

3.2.5. Density weighted querying

Density-weighted querying not only considers the model’s uncer-
tainty for each sample but also takes into account the distribution
of samples within the feature space. By assigning weights based on
the local density of data points, these methods aim to prioritize sam-
ples located in sparsely populated regions, which can contribute more
significantly to improving the model’s generalization performance.

» Graph Density (GD) [86] constructs a graph in which nodes
represent samples and edge weights reflect the similarity between
them. The graph density, defined as the sum of edge weights
for each node, serves as a measure of sample representativeness.
Samples with the highest graph density are selected, ensuring that
the chosen points are both informative and diverse within the
sample space.

Querying Informative and Representative Examples (QIARE)
[79] uses a min—max optimization approach to select code sam-
ples that are both highly informative and representative. This
method balances the information content of a sample, which
measures its potential to improve the model, with its represen-
tativeness, which reflects its coverage within the dataset.
Self-Paced Active Learning (SPAL) [87] optimizes a composite
objective function that simultaneously considers sample informa-
tion density, representativeness, and learnability. SPAL dynami-
cally adjusts the learning pace, ensuring that the model focuses
on the most valuable samples at the appropriate time, thereby
accelerating convergence.

Ranked Batch Mode Active Learning (RBMAL) [88] selects a
batch of samples by ranking unlabeled instances according to
their potential value rather than selecting individual samples
in each iteration. This ranking mechanism ensures that the se-
lected batch is both informative and representative, improving
the efficiency of active learning.

3.2.6. Random sampling
» Random Sampling (RS): As a baseline, code samples are chosen
randomly from the unlabeled pool. This approach allows com-
parison between active learning strategies and traditional passive
learning, highlighting the performance gains achievable through
informed query selection.

Table 2 summarizes the libraries and key hyper-parameter values
used for the eleven query strategies. For methods requiring additional
implementation context, BMAL and SPAL use the OSQP quadratic-
program solver together with the reported RBF-kernel settings, EER
is executed with p_subsample=1.0 so that no additional candidate
subsampling is introduced beyond the library implementation, and the
density-based methods differ in how sample similarity is modeled,
with GD relying on a Manhattan-distance k-nearest-neighbor graph
and QIARE/SPAL using the reported RBF-kernel parameters. We do
not perform extensive hyper-parameter tuning for the active learning
query strategies for two reasons. First, a small pilot perturbation study
on key scalar hyper-parameters across representative strategies shows
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Table 2
The implementation configuration of the eleven query strategies (ALiPy
1.2.5/modAL 0.4.2.1).

Strategy Library Hyper-parameters (values)

MS ALiPy measure="margin’

LC ALiPy measure="least_confident’

ES ALiPy measure="entropy’

VE ALiPy method="query_by_bagging’,
disagreement="vote_entropy’, n_jobs=4, committee
size=10

BMAL ALiPy beta=1000, gamma=0.1, rho=1, kernel="rbf’,
gamma_ker=1.0, qp_solver="OSQP’

EER modAL loss="binary’, p_subsample=1.0,
random_tie_break=False

GD ALiPy metric="manhattan’, k=10, y = 1/ngeqres

QIARE ALiPy lambda=1.0, kernel="rbf’, gamma=1.0, degree=3,
coef0=1.0

SPAL ALiPy mu=0.1, gamma=0.1, rho=1, lambda_init=0.1,
lambda_pace=0.01, kernel="rbf’, gamma_ker=1.0,
qp_solver="OSQP’

RBMAL modAL n_instances=2, metric="euclidean’, n_jobs=None,
a=|Ul/(U|+|DI)

RS ALiPy -

Table 3
The details of our experimental datasets.
Code smell Description Number
Data Class A class that mainly stores data fields and provides 451
little or no behavior, often resulting in excessive
reliance from other classes.
Blob A code smell where a single dominant class 256
centralizes most of the system’s logic while relying
on multiple data-only classes, resulting in an
unbalanced and poorly modular design.

Long Method A method that contains an excessively large 119

amount of code, making its logic difficult to
understand, maintain, and debug.

Feature Envy A method that interacts with the data of other 291

objects more frequently than its own, indicating
misplaced functionality and a violation of
encapsulation principles.
No Smell Code snippets that do not exhibit any of the 3248

defined code smell types.

no consistent or non-trivial performance changes when varying values
around their defaults while keeping other settings fixed. For example,
for QIARE, the regularization weight 1ambda is varied around its de-
fault value of 1.0 (e.g., 0.5, 0.8, 1.2, and 1.5), without yielding a stable
improvement over the default configuration. Second, there is currently
no widely accepted or standardized tuning protocol for active learning
query strategies, and introducing additional tuning would risk strategy-
specific bias and reduce comparability across methods. Accordingly, all
strategies are implemented using the official default settings provided
by their respective libraries unless otherwise specified.

3.3. Stopping criteria

Active-learning stopping criteria typically fall into two categories:
performance thresholds and fixed query rates, with the latter more
widely used in practice [89]. Because the final performance of code
smell detection models is difficult to predict in advance, we adopt
a fixed query-rate stopping rule and study how different rates affect
model performance. We consider ten rates from 5% to 50% in 5%
increments: the upper bound of 50% is consistent with prior software
engineering studies [26], since querying a larger portion of the unla-
beled pool would weaken the label-efficiency focus of active learning
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Table 4
The confusion matrix.

Actual smelly

Predicted smelly TP FP
Predicted non-smelly FN TN

Actual non-smelly

and approach conventional supervised learning, while the 5% step
provides sufficient resolution to observe performance trends at manage-
able cost. This rule offers a simple and consistent basis for comparing
configurations under the same labeling budget; performance-threshold
or stability-based criteria may be more appropriate in deployment-
oriented settings, and the 5%-50% range here is intended to sup-
port a controlled benchmark comparison rather than to represent a
universally optimal stopping policy.

4. Experimental setup
4.1. Datasets

The experiments are conducted on the Industry-Relevant Code Smell
Data Set (MLCQ) [32], which is widely used in recent code smell
detection research and offers several properties well suited to eval-
uating active learning. First, it is built from contemporary and ac-
tively maintained open-source Java projects, enhancing its practical
relevance. Second, its labels come from a committee of 26 indus-
trial developers with domain expertise: each snippet is independently
annotated by roughly three reviewers, with disagreements resolved
through the cross-checking procedure documented in the original re-
lease. This multi-annotator construction improves benchmark credi-
bility while preserving the perceptual subjectivity inherent to code
smell identification [90,91]. Third, the dataset spans four represen-
tative smells at both class level (Data Class, Blob) and method level
(Long Method, Feature Envy), enabling evaluation across structurally
different categories while remaining comparable to prior studies [56,
73,92]. The characteristics of MLCQ, together with our fixed-budget
active learning setting, make redundancy-aware batch selection worth
examining. Because samples are queried in batches under predefined
annotation budgets, batch-based strategies may otherwise select in-
stances that provide overlapping information. BMAL addresses this
issue by jointly considering informativeness and representativeness
when constructing a query batch, thereby reducing within-batch re-
dundancy while preserving the potential for substantial model updates.
After excluding snippets whose source code could not be retrieved via
the provided links, the final dataset contains 4365 snippets.

4.2. Performance measures

In our empirical study, we use three commonly adopted evalua-
tion metrics, namely Precision, Recall, and Fl-score, as well as one
imbalance-aware correlation-based metric, the Matthews Correlation
Coefficient (MCC), to assess the performance of the code smell de-
tection models. In a binary classification setting, all four metrics are
computed from a confusion matrix shown in Table 4, which summarizes
outcomes in terms of true positives (TP), false positives (FP), false
negatives (FN), and true negatives (TN). In the context of code smell de-
tection, TP refers to smelly code samples correctly identified as smelly,
FP denotes non-smelly samples incorrectly predicted as smelly, FN
represents smelly samples incorrectly classified as non-smelly, and TN
corresponds to non-smelly samples correctly recognized as non-smelly.

Precision quantifies the fraction of code samples predicted as smelly
that are actually smelly. A higher Precision indicates that the model
produces fewer false alarms. In code smell detection, Precision directly
reflects the cost of unnecessary refactoring or review effort: each falsely
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Fig. 3. The overall experimental process of code smell detection based on active learning.

flagged instance may trigger additional inspection, thereby wasting
developer time and reducing trust in the detection tool.

Precision = _Te (€8]
TP+ FP

Recall measures the fraction of actual smelly instances that are
correctly detected by the model. Higher Recall reflects the model’s
ability to identify a larger portion of smelly code in the system. In
practice, Recall captures the cost of missed smells: undetected smelly
code remains in the codebase and may continue to accumulate techni-
cal debt, making Recall especially important in quality assurance and
maintainability-oriented scenarios.

Recall = _TIP__ (2)
TP+ FN

Fl-score combines Precision and Recall into a single metric by
calculating their harmonic mean, with values ranging from 0 to 1.
A higher Fl-score indicates that the model achieves a better balance
between identifying smelly instances and avoiding false positives. Since
Precision and Recall correspond to two competing risks, namely unnec-
essary refactoring effort and undetected technical debt, F1-score serves
as a balanced summary metric that favors models achieving strong

performance in both Precision and Recall simultaneously.

Precision x Recall

Fl=2x Precision + Recall )

MCC incorporates all four categories of the confusion matrix and
is particularly useful for imbalanced datasets. This is highly relevant
to MLCQ: as shown in Table 3, non-smelly snippets substantially out-
number each individual smell category, making smelly instances the
minority class in every binary detection task. Under such skewed
distributions, Accuracy — and in some cases even Fl-score — may
not fully reflect performance on both classes, whereas MCC yields a
high value only when the model performs well on both smelly and
non-smelly instances. MCC ranges from —1 (complete disagreement)
through 0 (random prediction) to 1 (perfect prediction).

MCC = TPXTN—-FPXFN 4)

\/(TP+FP)(TP+FN)(TN + FP)TN + FN)

In this study, Precision, Recall, F1-score, and MCC are used because
they reflect different but complementary aspects of code smell detec-
tion under a fixed decision threshold. Precision and Recall correspond
to the two practical risks of false alarms and missed smells, F1-score
summarizes the balance between them, and MCC further evaluates
overall prediction quality under class imbalance. Alternative metrics,
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such as PR-AUC, G-mean, and Balanced Accuracy, may also provide
useful perspectives, but the four measures used here are widely adopted
in prior code smell detection studies and remain easy to interpret in our
setting.

4.3. Experimental procedure

Fig. 3 depicts the experimental workflow, which consists of three
phases: dataset partition phase, active learning phase, and test phase.

(1) Dataset partition phase. For fair and reliable model evaluation,
we adopt stratified 10-fold cross-validation to split the data. Specifi-
cally, the entire dataset is first partitioned into 10 mutually exclusive
folds via stratified sampling, where the class distribution is strictly
preserved across all folds. In each round of cross-validation, one fold
is designated as the stratified test set. From the remaining 9 folds
(accounting for 90% of the full dataset), we further select 5% of the
entire dataset in a stratified manner to construct the initial labeled
subset for model training initialization. The remaining portion (85%
of the full dataset, derived from the 9 folds after extracting the initial
labeled subset) forms the unlabeled pool for subsequent active learning
iterations. To ensure the robustness of experimental results, the entire
stratified 10-fold cross-validation procedure is repeated five times in-
dependently, resulting in a total of 50 distinct experimental outcomes
(10 folds x 5 repetitions). The results presented in the tables and
figures are the median values derived from these 50 experiments. We
use repeated stratified 10-fold cross-validation to balance estimation
stability and experimental cost. Ten-fold cross-validation is a common
choice in empirical software engineering, while five repetitions reduce
the influence of a particular fold assignment and provide a more stable
basis for the Scott-Knott ESD analysis [38].

(2) Active learning phase. Initially, the classifiers described in
Section 3.1 are trained on the initial labeled subset, utilizing grid search
for hyper-parameter tuning. The specific hyper-parameters and their
candidate values are detailed in Table 5. The model achieving the
highest F1-score across all configurations is selected as the base learner
for the active learning process. Subsequently, the active learning pro-
cess follows an iterative query strategy. The unlabeled pool consists
of the 85% of the dataset (from the 9 non-test folds) defined in the
dataset partitioning step. In each round, the model selects the most
informative samples from this pool for expert labeling. To simulate real-
world labeling, we use the true labels of these samples, pre-annotated
in the MLCQ dataset. After each labeling round, the newly labeled
samples are added to the labeled subset, and the model is retrained
on the updated data. This process (sample selection — expert labeling
simulation — model retraining) continues until a preset query rate is
reached.

(3) Test phase. Upon completion of the active learning iterations,
the final model is evaluated on the stratified test set, which was
reserved during the dataset partition phase. To comprehensively assess
the model’s effectiveness, we calculate four key performance met-
rics for each experimental run: Precision, Recall, F1-score, and MCC.
Furthermore, to rigorously validate the comparative performance and
ensure the statistical reliability of our findings, we conduct a statistical
significance analysis using the Scott-Knott Effect Size Difference (ESD)
test on the collected experimental results.

4.4. Statistical analysis

The Scott-Knott ESD test [38] is a statistical multiple-comparison
method that employs hierarchical clustering to group active learning
query strategies. It ensures that the performance differences of active
learning query strategies between different clusters are statistically
significant at the 0.05 significance level, whereas those within the
same cluster are not. In this study, we first collect the performance
metrics of various active learning query strategies for code smell de-
tection across all datasets. The Scott-Knott ESD test is then applied
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Table 5
The grid search hyper-parameter configurations for each classifier.

Classifier Grid search hyper-parameter Candidate values
NB C 0.001, 0.01, 0.1, 1
LR tol 0.1, 0.01, 0.001, 0.0001, 0.00001
DT min_samples_split 2,3,4,5 6
KNN n_neighbors 1, 5,9, 13, 17
MLP tol 0.1, 0.01, 0.001, 0.0001, 0.00001
SVM C 0.001, 0.01, 0.1, 1
RF n_estimators 10, 20, 30, 40, 50
ADB n_estimators 50, 100, 150, 200, 250
Query Strategy 1 Query Strategy 2 Query Strategy 11
Result 1 Result 1 Result 1
Result 2 Result 2 Result 2
Result 50 Result 50 Result 50
Input

&l

Scott-Knott EST Test

Group and Rank

Rank Query Strategy
1 Query Strategyl, Query Strategy2
2 Query Strategy 8
5 Query Strategy 11

Fig. 4. The example of the Scott-Knott ESD test.

to these metrics to derive a ranking of the candidate strategies. For
instance, Fig. 4 illustrates that Query Strategies 1 and 2 are catego-
rized into the top-ranked cluster, implying that their performance does
not differ significantly. By contrast, Query Strategy 8 is assigned to
the second-ranked cluster, which indicates that the top-tier strategies
exhibit statistically significant outperformance over it.

5. Experimental results

5.1. RQI: How do different active learning query strategies affect the
performance of code smell detection models?

Methods: To address RQ1, we evaluate 11 active learning query
strategies (including random sampling) alongside a baseline condition
of no active learning (denoted as “NONE”) across four common code
smell types (Data Class, Blob, Long Method, and Feature Envy), using
eight classification algorithms as the underlying code smell detection
models. For each code smell type and evaluation metric (Precision,
Recall, F1-score, and MCC), we compute the average performance score
of each query strategy by aggregating the results across the eight
classifiers. Consistent with the active learning setup outlined earlier,
the initial labeled data ratio and the preset query rate are fixed at
5%. We present the results using heatmaps, where each cell represents
the average performance score of a specific query strategy (across
the eight classifiers) for a given code smell type and metric, with
darker cells indicating better performance. Fig. 5 summarizes these
aggregated findings. To further assess the statistical significance of
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Data Class 0.205 0.404 0.453 0.445 0.447 0.396 0.224 0.426 0.304 0.348 0.281  Data Class 0.136 0.326 0.469 0.472 0.465 0.438 0.386 0.347 0.415 0.455 0.409 0.332

Blob 0.117 0.353 0.354 0.341 0.296 0.219 0.262 0.233 Blob 0.037 0.349 0.476 0.475 0.465 0.369 0.306 0.362 0.356 0.375 0.351

Long Method Long Method

Feature Envy 0.350 0.418 0.370 Feature Envy 0.395 0.436

NONE RS MS LC ES VE BMAL EER GD QIARE SPAL RBMAL NONE RS MS LC ES VE BMAL EER GD QIARE SPAL RBMAL
(a) Precision (b) Recall

Data Class 0.106 0.337 0.426 0.416 0.407 0.425 0.328 0.276 0.366 0.325 0.339 0.296  Data Class 0.086 0.244 0.372 0.370 0.370 0.412 0.315 0.275 0.331 0.255 0.293 0.255

Blob 0.054 0.278 0.414 0.413 0.413 0.306 0.297 0.241 0.295 0.215 0.282 0.271 Blob 0.051 0.214/0.413 0.402 0.401 0.310 0.258 0.227 0.241 0.206 0.231 0.250

Long Method Long Method

Feature Envy 0.357 0.449 0.428 Feature Envy 0.21410.413 0.426 0.356 0.436

NONE RS MS LC ES VE BMAL EER GD QIARE SPAL RBMAL NONE RS MS LC ES VE BMAL EER GD QIARE SPAL RBMAL
(c) F1 (d) McC

Fig. 5. The average precision, recall, F1-score, and MCC values of the 11 query strategies across code smell types and classifiers.
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Fig. 6. The Scott-Knott ESD rankings of the 11 query strategies across code smell types and classifiers in terms of precision, recall, F1-score, and MCC.

performance differences among query strategies, we apply the Scott- + In Feature Envy, Vote Entropy again performs best with a Pre-
Knott ESD method. Fig. 6 displays the ranking groups for each metric cision of 0.659, while Graph Density (0.619) shows competitive
and code smell type, where lighter cells correspond to higher strategy performance.
ranks (i.e., better relative performance).

Results: Across the four code smell categories and 11 query strate- (2) Recall: As demonstrated in Fig. 5(b), Recall shows signifi-
gies, most strategies outperform two baselines (RS and NONE) across cant variation depending on the query strategy, with some overlap in
all four metrics (Precision, Recall, F1-score, and MCC). Here, RS refers high-performing approaches across code smell categories:

to randomly selecting 5% of the unlabeled pool for active learning
annotation, while NONE denotes training exclusively on the initial
5% labeled subset. Overall, uncertainty-based and committee-based
query strategies yield the largest performance gains, with Vote Entropy

« For Data Class and Blob, several strategies perform similarly. In
Data Class, Margin Sampling (0.469), Least Confident (0.472),
Entropy Sampling (0.465), Vote Entropy (0.438), and Querying

emerging as the top-performing approach. Informative and Representative Examples (0.455) are notable,
(1) Precision: As shown in Fig. 5(a), Precision varies across dif- with Least Confident achieving the highest Recall (0.472).
ferent code smell categories, with four query strategies — Margin + For Blob, Margin Sampling (0.476), Least Confident (0.481), and
Sampling, Least Confident, Entropy Sampling, and Vote Entropy — Entropy Sampling (0.475) show strong results, with Least Confi-
consistently outperforming others: dent again leading at 0.481.
» In Long Method, Margin Sampling (0.865), Least Confident
» For Data Class, Vote Entropy achieves the highest Precision at (0.857), Entropy Sampling (0.862), Vote Entropy (0.864), and
0.568. Graph Density (0.809) all exceed a Recall of 0.8, with Mar-
+ For Blob, Least Confident (0.524) leads, followed closely by Mar- gin Sampling achieving the highest at 0.865 and Vote Entropy
gin Sampling (0.518) and Entropy Sampling (0.516). following closely at 0.864.
+ For Long Method, Vote Entropy takes the lead with a Precision of » For Feature Envy, Vote Entropy again takes the top spot with a

0.796. Recall of 0.594.

10
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(3) F1 and MCC: As illustrated in Figs. 5(c) and 5(d), F1-score and
MCC demonstrate distinct patterns across different code smells:

« For Data Class, Margin Sampling leads in F1-score (0.426), closely
followed by Vote Entropy (0.425), Least Confident (0.416), and
Entropy Sampling (0.407). However, Vote Entropy excels in MCC
with a score of 0.412, with Margin Sampling (0.372), Least Con-
fident (0.370), Entropy Sampling (0.370), and Graph Density
(0.331) trailing behind.

In Blob, Margin Sampling achieves the highest F1-score (0.414)
and MCC (0.413), while Vote Entropy performs comparatively
poorly in both metrics (F1-score: 0.306, MCC: 0.310), falling be-
hind Least Confident (F1-score: 0.413, MCC: 0.402) and Entropy
Sampling (F1-score: 0.413, MCC: 0.401).

For Long Method, Margin Sampling leads in Fl-score (0.823),
followed by Vote Entropy (0.814), Least Confident (0.813), and
Entropy Sampling (0.811). All four strategies perform strongly in
MCC with scores above 0.76 (Vote Entropy: 0.789, Least Confi-
dent: 0.786, Margin Sampling: 0.783, Entropy Sampling: 0.774),
significantly outperforming Ranked Batch Mode Active Learning
(0.542).

In Feature Envy, Vote Entropy stands out, achieving the highest
F1 (0.584) and MCC (0.530), far surpassing Margin Sampling (F1:
0.531, MCC: 0.488), Least Confident (F1: 0.526, MCC: 0.470), and
Entropy Sampling (F1: 0.528, MCC: 0.479).

(4) The four evaluation metrics provide complementary perspec-
tives on query-strategy performance. Precision reflects the ability to
reduce false positives, whereas F1-score balances Precision and Recall.
MCC further evaluates the overall robustness of binary classification by
considering all entries of the confusion matrix, making it particularly
informative under class imbalance. For example, in the Feature Envy
task, Vote Entropy achieves the highest Precision (0.659), while also
leading in F1-score (0.584) and MCC (0.530). This indicates that its
advantage is not limited to reducing false positives, but also extends
to achieving more balanced overall detection performance. A comple-
mentary example appears in the Data Class task. Margin Sampling
obtains the highest Fl-score (0.426), only slightly above Vote En-
tropy (0.425), but Vote Entropy achieves a substantially higher MCC
(0.412 vs. 0.372). This contrast suggests that similar F1-scores may still
conceal important differences in prediction balance and classification
robustness, which are more clearly revealed by MCC.

(5) Fig. 6 further shows that Vote Entropy generally achieves the
strongest overall performance. It belongs to the second Scott-Knott ESD
rank group for Precision, F1-score, and MCC in the Blob task and to the
third rank group for Blob Recall. For Data Class, Vote Entropy belongs
to the first rank group for Precision, F1-score, and MCC, but to the third
rank group for Recall. In Long Method and Feature Envy, it remains in
the first rank group across all four metrics. Margin Sampling, Least Con-
fident, and Entropy Sampling also belong to the first rank group in Blob
detection across all four metrics. In the other three tasks (Data Class,
Long Method, and Feature Envy), their Precision and Recall values
typically fall into the second rank group, while their F1-score and MCC
results remain in the first rank group in selected cases, especially for
Data Class and Long Method. One possible explanation for the strong
overall performance of Vote Entropy is that, unlike Least Confident,
Margin Sampling, and Entropy Sampling, which rely on uncertainty
estimates from a single model, Vote Entropy exploits disagreement
among multiple committee members. This property may be particularly
beneficial for Feature Envy detection, where classification decisions
often depend on cross-class interactions and contextual relationships
rather than solely on localized structural characteristics. Such cases
may exhibit more ambiguous decision boundaries, making committee
disagreement a valuable signal for identifying informative samples.

(6) Beyond comparisons among query strategies, the four code
smells exhibit notable differences in detection performance. Averaged
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across the eight classifiers, the best Fl-scores on Data Class (Margin
Sampling, 0.426) and Blob (Margin Sampling, 0.414) are substantially
lower than those on Long Method (Margin Sampling, 0.823) and Fea-
ture Envy (Vote Entropy, 0.584), with a comparable gap also observed
in MCC. A plausible explanation can be drawn from prior work on
the nature of code smells: Data Class and Blob are class-level design
flaws whose symptoms emerge from how responsibilities and data
are distributed across an entire class, and their detection therefore
requires reasoning over the class as a whole rather than over a localized
fragment [93]. Empirical studies on developer perception further report
that such class-level smells tend to be less consistently recognized even
among human reviewers [94]. The lower detection performance ob-
served for Data Class and Blob is consistent with this characterization.

Answer to RQ1

Across four code smell types and four evaluation metrics,
uncertainty-based query strategies Margin Sampling, Least
Confident, Entropy Sampling and the committee-based strat-
egy Vote Entropy consistently outperform other strategies in
most cases.

5.2. RQ2: How does the choice of classifier influence the performance of
code smell detection models?

Methods: To address RQ2, we compare eight classifiers across four
code smell types using four evaluation metrics. For each code smell
type and metric (Precision, Recall, Fl-score, and MCC), we calculate
the average performance score of each classifier, aggregated across
the 11 query strategies. Consistent with RQ1, throughout the active
learning experiments, both the initial labeling ratio and per-iteration
query rate are fixed at 5%. Fig. 7 presents the results as heatmaps,
where each cell denotes the average performance score of a specific
classifier (across the 11 query strategies) for a given code smell type
and metric—darker cells indicate better performance. To further assess
the statistical significance of performance differences among classifiers,
we apply the Scott-Knott ESD method. Fig. 8 shows the ranking groups
for each metric and code smell type, with lighter cells corresponding
to higher classifier ranks (i.e., better relative performance).

Results: Overall, RF leads or ties for the best performance in most
smell categories and metrics, and exhibits the most stable behavior. RF
shows a consistent advantage in this setting. Below we summarize the
main findings by metric; key values are provided for reference.

(1) Precision: Fig. 7(a) shows that Random Forest demonstrates
strong performance, attaining the top Precision in three of the four code
smell types:

For Data Class, Support Vector Machine achieves the highest
Precision (0.583), with Random Forest (0.509) closely following.
For Blob, Random Forest performs best with a Precision of 0.479.
For Long Method, Random Forest leads with a Precision of 0.897.
In Feature Envy, Random Forest (0.928) again leads, while De-
cision Tree (0.906) and AdaBoost (0.894) deliver competitive
Precision.

(2) Recall: Fig. 7(b) indicates that Recall performance varies, with
Random Forest showing strong results and Naive Bayes also demon-
strating high competitiveness in specific categories:

+ For Data Class, Naive Bayes achieves the highest Recall (0.773),
narrowly outperforming Random Forest (0.762).

+ In Blob detection, Random Forest performs best with a Recall of
0.752, followed closely by Naive Bayes (0.742).

» For Long Method, Naive Bayes attains the top Recall of 0.963.

» For Feature Envy, Random Forest yields the highest Recall
(0.814), with AdaBoost (0.807) and Decision Tree (0.804) close
behind.
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Fig. 7. The average precision, recall, F1-score, and MCC values of the 8 classifiers across code smell types and query strategies.

Data Class 2 3

Blob 1 2

Long Method 1 3

Feature Envy 1 2
DT KNN  MLP RF ADB

(a) Precision

Data Class 2 1 3

Blob 4 1 3

Long Method 2 1 3

Feature Envy 4 1 1
DT KNN MLP SVM RF ADB

(c) F1

Data Class 1 1 4
Blob 1 1 4

Long Method 1 3 4
Feature Envy 2 1 1

NB DT KNN  MLP RF ADB
(b) Recall

Data Class 3 2 1 3
Blob 2 3 2 3

Long Method

Feature Envy 3 4 2 4 1 2

NB LR DT KNN MLP SVM RF ADB
(d) MCC

Fig. 8. The Scott-Knott ESD rankings of the 8 classifiers across code smell types and query strategies in terms of precision, recall, F1-score, and MCC.

(3) F1 and MCC: Figs. 7(c) and 7(d) further show that Random
Forest demonstrates outstanding and consistent performance across
both metrics—securing the highest Fl-scores in all four code smell
categories, and leading in MCC for three out of four:

« For Data Class, Random Forest leads with an Fl-score of 0.437
and an MCC score of 0.425.

+ For Blob, Random Forest tops the Fl-score at 0.368, while Naive
Bayes achieves the highest MCC (0.302) followed by K-Nearest
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Neighbors (0.294), with Random Forest (0.280), Support Vector
Machine (0.276), and AdaBoost (0.275) forming a tight second
tier.

+ For Long Method, Random Forest leads both F1-score (0.829) and
MCC (0.799).

+ For Feature Envy, Random Forest maintains the top spot in both
F1-score (0.855) and MCC (0.794).

(4) The four evaluation metrics provide complementary perspec-
tives on classifier behavior. Precision reflects the ability to reduce false
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Fig. 9. The performance of code smell detection models with VE, MS, and RS query strategies for Data Class detection (query rate: 5%-50%).
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Fig. 10. The performance of code smell detection models with VE, MS, and RS query strategies for Blob detection (query rate: 5%-50%).

positives, whereas Recall emphasizes detecting smelly instances. F1-
score balances these two aspects, while MCC further captures overall
classification robustness under class imbalance. For example, in the
Long Method task, Naive Bayes achieves the highest Recall (0.963),
indicating strong capability in detecting smelly instances. However,
its relatively lower Precision (0.482) results in substantially lower
Fl-score (0.639) and MCC (0.609) compared with Random Forest,
which achieves a more balanced combination of Precision (0.897) and
Recall (0.770), leading to the best F1-score (0.829) and MCC (0.799).
This illustrates that high Recall alone does not necessarily translate
into strong overall classification quality. Moreover, although F1-score
already balances Precision and Recall, MCC further exposes differences
in prediction robustness and class balance that may not be fully visible
from F1-score alone.

(5) As shown by the Scott-Knott ESD test results in Fig. 8, Random
Forest belongs to the second rank group for Precision in Data Class
detection, the third rank group for Recall in Long Method detection,

and the second rank group for MCC in Blob detection. For all other
cases (i.e., across the remaining metrics and code smell types), Random
Forest belongs to the first Scott-Knott ESD rank group.

Answer to RQ2

Across four code smell types and four evaluation metrics, Ran-
dom Forest (RF) as the code smell detection model performs
the best in most cases.

5.3. RQ3: What is the impact of varying query rates within an active
learning framework on the effectiveness of code smell detection?

Methods: In RQ1 and RQ2, we set both the initial labeling ratio
and the query rate to 5%. In RQ3, we aim to investigate the impact
of the query rate on the code smell detection model. We set the query
rate to values ranging from 5% to 50% in increments of 5%. Based on
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and RS query strategies for Long Method detection (query rate: 5%-50%).
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Fig. 12. The performance of code smell detection models with VE, MS, and RS query strategies for Feature Envy detection (query rate: 5%-50%).

the findings from RQ1 and RQ2, we select Vote Entropy and Margin
Sampling as the main query strategies because they exhibit superior
overall performance, while we select Random Sampling as the baseline
method. We also adopt the best-performing Random Forest to construct
the code smell detection model.

Results: Figs. 9, 10, 11, and 12 show the Precision, Recall, F1-score,
and MCC values of the code smell detection models using Vote Entropy,
Margin Sampling, and Random Sampling as query strategies for Data
Class, Blob, Long Method, and Feature Envy detection tasks, as the
query rate increases from 5% to 50%.

Vote Entropy and Margin Sampling outperform Random Sampling
across all four evaluation metrics. However, the performance gap be-
tween Vote Entropy/Margin Sampling and Random Sampling narrows
as the query rate increases. This is primarily because both active
learning strategies (Vote Entropy, Margin Sampling) and the baseline
(Random Sampling) accumulate more labeled samples for model train-
ing with a higher query rate. At low query rates, Vote Entropy and
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Margin Sampling can efficiently select high-value samples to drive
significant performance gains, but as the training set expands with
more labeled data (regardless of the query strategy), the marginal
value of active sample selection diminishes, reducing the performance
difference between active strategies and Random Sampling.

As the query rate increases from 5% to 30%, the Precision, Recall,
F1-score, and MCC values of code smell detection models using Vote
Entropy and Margin Sampling as query strategies increase in most
cases. However, when the query rate rises from 30% to 50%, the models
show only marginal performance improvements with the increasing
query rate, and may even decrease occasionally. For example, for Data
Class and Blob detection, Vote Entropy and Margin Sampling exhibit
only minimal improvements in F1-score and MCC when the query rate
increases from 30% to 35%; For Long Method detection, Vote Entropy
shows only minimal improvement as the query rate rises from 30%
to 35%, while Margin Sampling even experiences a slight decline; For
Feature Envy detection, Vote Entropy undergoes a slight decline when
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The precision, recall, F1-score, and MCC values of different pretrained representation models under the optimal VE+RF setting with the query rate fixed at 30%

across four code smell types.

Representation model Blob Data Class Long Method Feature Envy

Pre. Rec F1 McCC Pre. Rec. F1 McCC Pre. Rec. F1 McCC Pre. Rec. F1 MCC
CodeBERT 0.75 0.77 0.76 0.69 0.79 0.74 0.75 0.68 0.76 0.88 0.88 0.89 0.82 0.66 0.79 0.80
GraphCodeBERT 0.71 0.76 0.73 0.67 0.70 0.74 0.72 0.66 0.74 0.89 0.81 0.88 0.83 0.64 0.73 0.79
CodeT5 0.73 0.76 0.74 0.68 0.72 0.74 0.73 0.67 0.75 0.87 0.80 0.87 0.82 0.65 0.72 0.79
PLBART 0.69 0.74 0.72 0.66 0.69 0.72 0.71 0.65 0.73 0.85 0.79 0.85 0.79 0.63 0.70 0.77

the query rate increases from 30% to 35%, whereas Margin Sampling
achieves a slight improvement.

Answer to RQ3

When the query rate rises from 5% to 30%, the code
smell detection model performance experiences a substantial

improvement in most cases. In contrast, as the query rate in-
creases from 30% to 50%, the performance gains are marginal,
and occasional declines may occur.

5.4. RQ4. How sensitive is the active learning framework to the choice of
pretrained representation model?

Methods: In RQ1-RQ3, we consistently use CodeBERT [63] as the
feature extractor for all experiments. This choice is motivated by the
fact that CodeBERT is one of the most widely adopted pretrained
code models in software engineering and has become a strong and
stable baseline for semantic feature extraction in source-code-related
tasks [95]. To examine whether our findings depend on this representa-
tion choice, and whether other commonly used pretrained code models
can provide more effective features than CodeBERT, we extend the
analysis in RQ4 to three additional representative pretrained models,
namely GraphCodeBERT [96], CodeT5 [97], and PLBART [98]. These
models are all widely used in software engineering and code intel-
ligence tasks, while differing in architectural design and pretraining
objectives. Specifically, GraphCodeBERT incorporates data-flow infor-
mation to better capture structural dependencies in code; CodeT5
adopts an encoder—decoder architecture with identifier-aware denois-
ing pretraining; and PLBART is a BART-style sequence-to-sequence
model pretrained for program understanding and generation. For a fair
comparison, all representation models are evaluated under the same
optimal active-learning configuration identified in RQ1-RQ3, namely
Vote Entropy as the query strategy and Random Forest (RF) as the
classifier, with the query rate fixed at 30%. All other implementation,
training, and evaluation procedures are kept the same. We compare
their performance using the same four evaluation metrics adopted in
the main study, namely Precision, Recall, F1-score, and MCC.

Results: Table 6 reports the encoder comparison results. Overall,
CodeBERT achieves the strongest F1-score and MCC performance across
all four code smell types under the optimal Vote Entropy+Random
Forest setting. Although individual models show slight advantages on
specific metrics (e.g., GraphCodeBERT achieves higher Recall for Long
Method and higher Precision for Feature Envy), CodeBERT delivers
the most consistent overall performance and achieves the best results
on all Fl-score and MCC metrics. These findings suggest that the
active-learning framework remains effective across multiple pretrained
representation models, while CodeBERT provides the strongest and
most balanced representation in this setting.
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Answer to RQ4

The active-learning framework remains effective across pre-
trained representation models, while CodeBERT delivers the
strongest overall performance, achieving the highest F1-score
and MCC across all four code smell types under the optimal
VE+RF setting.

6. Discussion
6.1. Comparison with non-active-learning code smell detectors

To position our best-performing active-learning configuration rel-
ative to prior code smell detectors on MLCQ, we compare Random
Forest with Vote Entropy at a 30% query rate against several represen-
tative non-active-learning methods. The comparison includes ML_Cu-
BERT [54], which feeds pretrained CuBERT token embeddings into
classical machine-learning classifiers to discriminate code smells; three
autoencoder-based variants [51], namely AE-Dense, which compresses
source-code tokens with an autoencoder and classifies the latent repre-
sentation via a fully connected network, AE-CNN, which replaces the
dense classifier with a one-dimensional convolutional network over the
compressed representation, and AE-LSTM, which pairs the autoencoder
encoder with an LSTM decoder to capture sequential dependencies;
DeepSmells [55], a fusion model that feeds token-indexing embed-
dings into a CNN+LSTM cascade to jointly capture local convolutional
patterns and longer-range sequential context; and EnseSmells [56],
a recent extension of DeepSmells that deeply integrates a semantic
branch built on pretrained code language models with a structural
branch of design metrics through a dual-pathway ensemble. Tables 7
and 8 report the performance results of the methods on MLCQ.

Across the four smell types, Random Forest with Vote Entropy
delivers the strongest overall F1 and MCC performance. Compared with
EnseSmells, which is the strongest non-active-learning baseline in most
cases, the absolute F1 gains are 0.08 on Long Method, 0.39 on Feature
Envy, 0.17 on Blob, and 0.11 on Data Class; the corresponding MCC
gains are 0.11, 0.41, 0.15, and 0.09, respectively. The comparison
also highlights a recurring precision-recall trade-off in the non-active-
learning baselines. The autoencoder-based models [51] often achieve
high recall at the expense of precision on Data Class and Feature Envy;
for example, AE-CNN reaches recall 0.92 but precision 0.15 on Data
Class, which keeps its F1 below 0.30. By contrast, Random Forest with
Vote Entropy maintains both Precision and Recall above 0.65 on every
smell, indicating a more balanced detection profile rather than gains
driven by only one side of the trade-off. Overall, Random Forest with
Vote Entropy requires labels for only 30% of the training data, as active
learning selectively queries the most informative unlabeled instances.
Despite this substantially reduced annotation effort, it still outperforms
all fully supervised baselines across most smell types and evaluation
metrics.

6.2. Comparison between active learning and LLMs

To further validate the effectiveness of active learning, we compare
our best-performing configuration, namely Random Forest with the
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The performance comparison on MLCQ between the configuration (Random Forest + Vote Entropy, 30% query
rate) and representative non-active-learning detectors for Long Method and Feature Envy.

Method Long Method Feature Envy
Precision Recall F1 McCC Precision Recall F1 MCC
ML_CuBERT [54] 0.69 0.81 0.75 0.72 0.12 0.80 0.21 0.27
AE-Dense [51] 0.74 0.83 0.78 0.75 0.23 0.63 0.34 0.35
AE-CNN [51] 0.74 0.83 0.77 0.75 0.27 0.53 0.35 0.35
AE-LSTM [51] 0.67 0.85 0.75 0.72 0.14 0.80 0.23 0.29
DeepSmells [55] 0.86 0.75 0.79 0.77 0.59 0.23 0.32 0.33
EnseSmells [56] 0.82 0.79 0.80 0.78 0.52 0.34 0.40 0.39
Active learning 0.76 0.88 0.88 0.89 0.82 0.66 0.79 0.80
Table 8
The performance comparison on MLCQ between the configuration (Random Forest + Vote Entropy, 30% query
rate) and representative non-active-learning detectors for Blob and Data Class.
Method Blob Data Class
Precision Recall F1 MCC Precision Recall F1 MCC
ML_CuBERT [54] 0.46 0.58 0.51 0.45 0.50 0.29 0.36 0.31
AE-Dense [51] 0.55 0.64 0.58 0.53 0.16 0.86 0.26 0.11
AE-CNN [51] 0.53 0.66 0.58 0.53 0.15 0.92 0.26 0.10
AE-LSTM [51] 0.52 0.65 0.57 0.52 0.15 0.83 0.26 0.09
DeepSmells [55] 0.72 0.46 0.55 0.50 0.69 0.51 0.58 0.52
EnseSmells [56] 0.62 0.59 0.59 0.54 0.81 0.53 0.64 0.59
Active learning 0.75 0.77 0.76 0.69 0.79 0.74 0.75 0.68

Vote Entropy strategy at a 30% query rate, against a broader set of
LLM baselines on the same MLCQ dataset. As shown in Table 9, the
comparison includes GPT-family results reported in prior work, in-
cluding GPT-40-mini with zero-shot, few-shot, chain-of-thought (CoT),
and role-driven prompting [20], GPT-4 with few-shot prompting [23],
and GPT-3.5-Turbo with zero-shot prompting [36]. In addition, we
implement and evaluate three representative recent non-GPT models,
namely DeepSeek-V4 [99], GLM-5.1 [100], and Kimi-2.6 [101], each
under zero-shot, few-shot, and CoT prompting settings. To reduce
sampling variance and encourage more stable predictions, all non-GPT
models are evaluated with a temperature setting of 0. These models
are selected as recent baselines with publicly accessible interfaces
and reproducible prompting protocols, and are evaluated on the same
stratified test fold and prompting setup as the GPT-family baselines to
ensure comparability.

Table 9 shows that the Vote Entropy approach achieves the
strongest overall performance among the evaluated methods across the
four code smell detection tasks. Specifically, active learning attains
Fl-scores of 0.76, 0.75, 0.88, and 0.79 for Blob, Data Class, Long
Method, and Feature Envy detection, respectively. By comparison, the
best F1-scores achieved by the evaluated LLM baselines are 0.52, 0.77,
0.72, and 0.22 for the four tasks, respectively. This indicates that the
Vote Entropy active learning clearly outperforms the evaluated LLM
baselines on Blob, Long Method, and Feature Envy, while remaining
competitive on Data Class, where GPT-4 few-shot achieves the highest
Fl-score. Overall, these results suggest that the Vote Entropy active
learning provides a more effective and stable solution than the eval-
uated prompt-based LLM baselines for code smell detection on this
dataset.

Another notable observation is the substantial variability in LLM
performance across different code smell categories and prompting
strategies. For example, GPT-4 with few-shot prompting achieves an F1-
score of 0.77 on Data Class detection, but its performance drops sharply
to 0.02 on Blob and 0.05 on Feature Envy. Similar inconsistencies
are also observed among the non-GPT models. For instance, Kimi-
2.6 achieves an Fl-score of 0.37 on Blob detection under zero-shot
prompting, but only 0.08 on Feature Envy. Likewise, GLM-5.1 reaches
0.60 on Data Class detection under CoT prompting, while its F1-
scores on Blob, Long Method, and Feature Envy remain substantially
lower. In contrast, the Vote Entropy active learning approach maintains
consistently strong performance across all four tasks, highlighting the
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robustness and cross-task stability of traditional machine learning
models enhanced with active learning for code smell detection.

It is also worth mentioning that comparison between active learning
and LLM-based approaches should be interpreted in the context of their
fundamentally different methodological assumptions. Active learning
operates within a supervised learning framework, where a task-specific
classifier is trained using selectively acquired labeled instances. In con-
trast, prompt-based LLM approaches perform inference directly with
pretrained foundation models, without training on the target dataset.
As a result, few-shot and zero-shot prompting are not directly com-
parable to supervised learning with labeled training data, as they
rely on different learning mechanisms. In addition, our evaluation of
LLM-based methods is limited to black-box prompting settings, in-
cluding zero-shot, few-shot, and chain-of-thought (CoT) configurations.
Fine-tuned or task-adapted LLMs specifically optimized for code smell
detection were not included in this study and may exhibit different
performance characteristics. Therefore, our findings should be inter-
preted as an empirical comparison against the evaluated prompt-based
LLM baselines, rather than a comprehensive assessment of all possible
LLM-based approaches for code smell detection.

6.3. Practical effectiveness of active learning in code smell detection

To better understand whether the performance gains achieved by
active learning are practically meaningful rather than merely statistical,
we complement the quantitative evaluation with a qualitative case
analysis. Specifically, we compare our best-performing active-learning
configuration (Vote Entropy + Random Forest with a 30% query rate)
against a non-active-learning baseline that uses random sampling while
keeping the classifier and labeling budget unchanged. As shown in
RQ1, Vote Entropy consistently outperforms Random Sampling across
Precision, Recall, F1-score, and MCC. We therefore examine prediction
outcomes that are correctly identified by the Vote Entropy-based model
but misclassified by the Random Sampling baseline. The goal is to
investigate whether the additional instances detected through active
learning correspond to practically meaningful code smells rather than
marginal or borderline cases. For each smell type, we manually inspect
the source code and present one representative example below.

Blob. Fig. 13 shows GoIntoAction from Eclipse Che. The class is
only 60 lines long and does not look bloated at first glance. However,
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Table 9

Information and Software Technology 200 (2026) 108302

The performance comparison between the active learning approach and different LLM baselines.

LLM Blob Data Class Long Method Feature Envy

Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1
GPT-40-mini [20] 0.26 1.00 0.41 0.39 0.68 0.49 0.24 0.54 0.33 0.14 0.25 0.18
(Zero-Shot)
GPT-40-mini [20] 0.39 0.81 0.52 0.41 0.84 0.55 0.29 0.69 0.41 0.16 0.31 0.21
(Few-Shot)
GPT-40-mini [20] 0.30 0.90 0.45 0.44 0.68 0.53 0.33 0.62 0.43 0.17 0.25 0.20
(CoT)
GPT-40-mini [20] 0.25 0.90 0.39 0.37 0.84 0.51 0.27 0.62 0.37 0.17 0.31 0.22
(Role)
GPT-4 [23] 0.30 0.01 0.02 0.77 0.78 0.77 0.62 0.85 0.72 0.17 0.03 0.05
(Few-Shot)
GPT-3.5-Turbo [36] 0.31 0.14 0.19 0.53 0.67 0.59 0.31 0.90 0.46 0.28 0.16 0.21
(Zero-Shot)
DeepSeek-V4 [99] 0.37 0.23 0.28 0.58 0.51 0.54 0.18 0.44 0.25 0.10 0.01 0.02
(Zero-Shot)
DeepSeek-V4 [99] 0.34 0.09 0.14 0.66 0.45 0.54 0.22 0.43 0.29 0.30 0.02 0.04
(Few-Shot)
DeepSeek-V4 [99] 0.33 0.19 0.24 0.61 0.48 0.53 0.19 0.41 0.26 0.22 0.02 0.04
(CoT)
GLM-5.1 [100] 0.45 0.20 0.28 0.45 0.73 0.56 0.16 0.64 0.26 0.13 0.11 0.12
(Zero-Shot)
GLM-5.1 [100] 0.50 0.16 0.24 0.52 0.67 0.59 0.17 0.58 0.26 0.16 0.20 0.18
(Few-Shot)
GLM-5.1 [100] 0.41 0.16 0.23 0.56 0.66 0.60 0.14 0.65 0.23 0.14 0.14 0.14
(CoT)
Kimi-2.6 [101] 0.36 0.38 0.37 0.56 0.60 0.58 0.13 0.90 0.23 0.12 0.06 0.08
(Zero-Shot)
Kimi-2.6 [101] 0.34 0.33 0.34 0.56 0.53 0.54 0.13 0.84 0.23 0.10 0.06 0.08
(Few-Shot)
Kimi-2.6 [101] 0.30 0.34 0.32 0.61 0.51 0.55 0.12 0.55 0.20 0.07 0.02 0.03
(CoT)
Active learning 0.75 0.77 0.76 0.79 0.74 0.75 0.76 0.88 0.88 0.82 0.66 0.79

(VE)

its methods collectively handle menu-text state, selection parsing, ca-
pability checks, navigation, and node inspection. These responsibilities
are distributed across several short methods rather than concentrated
in one obviously large class.

Data Class. Fig. 14 shows Cassandral0.Write.Builder from
Apache Beam. The class is annotated with @AutoValue.Builder
and looks like a routine framework-generated builder. However, all of
its members are abstract setters, and no validation or construction logic
is present, so the class mainly serves as a container for fields. The smell
is therefore masked by a common framework convention.

Long Method. Fig. 15 shows getVMPassword from
Apache CloudStack. The method is only 25 lines long and does not
appear lengthy on the surface. However, within those lines it chains
caller resolution, entity lookup, exception construction, authorization,
detail loading, and null handling. Multiple concerns are compressed
into a short linear flow rather than spread across an obviously long
body.

Feature Envy. Fig. 16 shows the factory method TimeOfYear.
fromDateTime from Google Registry. The method returns an instance
of its declaring class, which makes it look like a normal intra-class
factory at first glance. However, almost every value used to construct
the result is read from the DateTime argument. The dependence on
the parameter is thus easy to overlook from the method signature alone.

These examples illustrate that many code smell instances are dif-
ficult to detect because their problematic characteristics are not im-
mediately visible from superficial structural properties such as class
size, method length, or naming conventions. Instead, identifying them
often requires recognizing more subtle relationships among respon-
sibilities, dependencies, and contextual interactions within the code.

17

1 public class GoIntoAction extends AbstractPerspectiveAction {

/ (1) menu-text

p, (1 I ext state
3 public void update(ActionEvent e) { ... }
5

// (2) selection parsing + (3 apability check
6 public void updateInPerspective(ActionEvent e) { ... }
7

8 // (4) navigation executior

9 public void actionPerformed(ActionEvent e) { ... }
10

1l apabil

(e 5) on
12 private boolean canGoInto(ResourceNode node) { ... }

13|}

node- nspectic

Fig. 13. The Blob code snippet example (Eclipse Che, GoIntoAc-

tion. java, L29-88; signatures only).

The qualitative inspection further suggests that the additional instances
correctly identified by the Vote Entropy-based model are not merely
borderline prediction changes, but correspond to code smells with
practically meaningful design and maintainability concerns. In contrast,
the Random Sampling baseline tends to miss smell instances whose
problematic characteristics are less obvious from surface-level code
patterns. Consequently, the observed performance improvements are
not merely statistical but are associated with the successful identifi-
cation of code smell instances that could otherwise remain unnoticed
in real-world software projects. Missing such instances may allow
maintainability issues, excessive coupling, or responsibility diffusion
to persist in the codebase, increasing future maintenance effort and
reducing code quality.
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1|@AutoValue.Builder

2 |abstract static class Builder<T> {

3 abstract Builder<T> withHosts(List<String> hosts);

4 abstract Builder<T> withPort(int port);

5 abstract Builder<T> withKeyspace(String keyspace);

6 abstract Builder<T> withUsername(String username);

7 abstract Builder<T> withPassword(String password);

8 abstract Builder<T> withLocalDc(String localDc);

9 abstract Builder<T> withConsistencylLevel(String cl);
0 abstract Builder<T> withEntity(Class<T> entity);

1 abstract Builder<T> withMutationType(MutationType t);
2 abstract Write<T> build();

Fig. 14. The data class code snippet example (Apache Beam, Cas-
sandral0. java, L936-957).

1 @Override

2 public String getVMPassword(GetVMPasswordCmd cmd) {

3 Account caller = CallContext.current().getCallingAccount();
4 UserVmVO vm = _userVmDao.findById(cmd.getId());

5 if (vm null) {

6 InvalidParameterValueException ex =

7 new InvalidParameterValueException("No VM with id");

8 ex.addProxyObject(cmd.getId().toString(), "vmId");
9 throw ex;

10

1k _accountMgr.checkAccess(caller, null, true, vm);

12 _userVmDao. loadDetails(vm);

13 String password = vm.getDetail("Encrypted.Password");
14 if (password == null || password.equals("")) {

15 InvalidParameterValueException ex =

16 new InvalidParameterValueException("No password for VM");
17 ex.addProxyObject(vm.getUuid(), "vmId");

18 throw ex;

20 return password;

Fig. 15. The long method code snippet example (Apache CloudStack, Man-
agementServerImpl. java, L3807-3831).

1 public static TimeOfYear fromDateTime(DateTime dateTime) {
2 DateTime nextYear = dateTime.plusYears(1l);

3 return create(String.format(

4 TIME_OF_YEAR_FORMAT,

5 dateTime.getMonthOfYear(),

> dateTime.getDayOfMonth(),

7 nextYear.getMillisOfDay() / 1000));

Fig. 16. The feature envy code snippet example (Google Registry, Time0-
fYear. java, L61-70).

6.4. Implication

In this subsection, we analyze implications based on our exper-
imental results and provide a few suggestions to practitioners and
researchers in this domain.

(1) For practitioners building active-learning-based code smell de-
tection systems, the most effective configuration combines CodeBERT
for code feature extraction with a Random Forest (RF) classifier. RF
consistently outperforms alternative classifiers such as Naive Bayes and
K-Nearest Neighbors across four code smell types (Data Class, Blob,
Long Method, Feature Envy) and four key evaluation metrics (Precision,
Recall, F1-score, and MCC), making it a robust and reliable core model.
Once the base model is established, practitioners should adopt high-
yield active learning strategies, especially uncertainty-based sampling
(e.g., Margin Sampling) and committee-based querying (e.g., Vote En-
tropy). These strategies prioritize samples where the model is most un-
certain or where multiple models disagree, enabling annotation efforts
to focus on the most informative instances and thereby maximizing
performance gains while avoiding redundancy. Among these strategies,
Vote Entropy is particularly effective for semantically complex smells
such as Feature Envy, making it the preferred choice in scenarios where
identifying subtle behavioral dependencies is essential. This recommen-
dation is also consistent with broader practitioner-oriented guidance on
code smell identification [102], which emphasizes that effective smell
detection in practice depends on both reliable detection mechanisms

18

Information and Software Technology 200 (2026) 108302

and a clear understanding of the contextual cues that distinguish each
smell type.

(2) To balance detection performance and annotation cost, practi-
tioners should limit the total labeling budget to no more than 30%
of the unlabeled pool. Experimental results indicate that model per-
formance improves as the query rate increases from 5% to 30%, but
further increases in the query rate lead to diminishing or even negative
returns. A labeling budget of 5%-30% (validated on the MLCQ dataset)
ensures “low-cost, high-performance” results for all four code smell
types. For instance, annotating 300 out of 1000 unlabeled code snippets
is sufficient to bring the model close to optimal performance, avoiding
the inefficiencies of annotating the entire dataset. This low annotation
threshold also keeps the approach competitive with few-shot LLMs, as
both require minimal labeled data but the active learning setup delivers
better overall performance.

(3) For future research, developing adaptive stopping rules based on
real-time model performance is crucial. Current fixed query rate rules
(e.g., a 50% upper limit) fail to account for early model convergence,
where optimal performance may be achieved at a much lower query
rate (e.g., 30%). Adaptive rules, such as halting annotation when
the validation set’s Fl-score does not improve for two consecutive
iterations, can reduce unnecessary resource consumption and prevent
overfitting. This approach addresses the limitations of traditional fixed-
ratio stopping criteria, leading to more efficient and effective active
learning.

7. Threats of validity

Internal validity relates to the methods and technologies used in
our experiments, specifically classification models and active learning
query strategies. (1) We employ 5 families of active learning query
strategies and 6 families of classifiers, which ensures the diversity and
representativeness of research objects and helps enhance the general-
izability of experimental results. These strategies are widely used in
prior studies [26,33-36]. To mitigate technical errors in our experi-
ments, we implement active learning strategies using the ALiPy [103]
and modAL [104] libraries, while classifiers are sourced from Scikit-
learn [105]. (2) To ensure fair comparison across strategies, we imple-
ment all active-learning methods via the ALiPy [103] and modAL [104]
libraries on top of scikit-learn [105] base learners, and adopt each
library’s official default hyper-parameters (Table 2). While this avoids
per-strategy tuning bias, the absence of a consensus tuning protocol
for active-learning query strategies remains a limitation. (3) An ad-
ditional internal-validity concern relates to how labels are consumed
in the active learning loop. Following standard practice, each queried
sample is assigned the ground-truth label released with MLCQ as the
oracle response. This provides a controlled basis for comparing query
strategies, but it also means that the learner does not observe annotator-
level disagreement during the querying process. Prior work has shown
that code smell identification is inherently influenced by developer
perception, expertise, and contextual familiarity [90,91]. Consequently,
our results evaluate the effectiveness of query strategies under a fixed
benchmark labeling scheme rather than under dynamically evolving
human labeling behavior. As a result, the reported findings do not
capture the potential impact of annotator-level disagreement during the
labeling process.

External validity in our work mainly concerns the datasets we
study. We conduct experiments on the MLCQ dataset, which focuses
on a specific set of software projects and is widely used in code
smell detection research [20,23]. The dataset covers four common code
smells (Data Class, Blob, Long Method, and Feature Envy) but excludes
other relevant smell types such as Duplicate Code, Switch Statement,
and Lazy Class, and contains only Java code. Whether the optimal
query strategies and classifiers identified in this study generalize to
other programming languages or broader smell taxonomies therefore
remains uncertain.
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Construct validity depends on the evaluation metrics we use to
measure the performance of code smell detection models. We adopt
three commonly used evaluation metrics (Precision, Recall, and F1-
score) and one imbalance-aware correlation-based metric (MCC) to
assess model performance. Our evaluation relies on the ground-truth la-
bels provided by MLCQ, which are produced through a multi-annotator
process involving industrial developers. Although we manually inspect
representative prediction cases, we do not conduct an independent
expert validation of the final model outputs. Consequently, the practical
relevance of the detected smell instances is assessed through qualitative
analysis rather than through a separate human-in-the-loop evaluation
procedure. In addition, alternative metrics such as PR-AUC, G-mean,
and Balanced Accuracy are not included in the current evaluation, and
these may provide further perspectives on model performance under
class imbalance.

Conclusion validity refers to the statistical analysis method used
in our work. We apply the Scott-Knott ESD test to analyze the signif-
icant differences among active learning query strategies, which helps
enhance the rigor of our experiments. Notably, this test is widely used
in the field of software engineering [38,106-109].

8. Conclusion and future works

Our study presents a comprehensive comparative investigation of
active learning for code smell detection. Using the MLCQ dataset, we
conduct an extensive analysis that covers five families of query strate-
gies with eleven concrete algorithms, eight classifiers, and ten query
rates, in order to examine their specific impacts on model performance.
The main findings are as follows: (1) Given the same amount of labeled
training data, active-learning-based code smell detectors achieve better
overall performance than traditional supervised learning without active
sampling, showing clear and consistent gains under benchmark-based
evaluation. (2) Among the five families of query strategies, uncertainty
sampling and committee-based methods perform best on code smell
detection. In particular, Vote Entropy delivers the strongest results in
most cases. (3) The Random Forest classifier attains the best overall
performance across four standard metrics when paired with the eleven
query strategies. (4) When using the query rate as the stopping rule,
model performance improves markedly as the query increases from
5% to 30%, yielding strong results at relatively low cost. As the
query rate grows from 30% to 50%, the gains become small and may
even decline. (5) The optimal active learning setup (Random Forest +
Vote Entropy + 30% query rate) achieves stronger benchmark-based
performance than representative prompt-based LLM baselines on the
MLCQ dataset under their reported settings, offering more balanced and
consistent results within this evaluation setting. (6) The representation-
model robustness analysis shows that CodeBERT remains the strongest
encoder under the optimal Vote Entropy+Random Forest setting, while
GraphCodeBERT and CodeT5 provide competitive but not consistently
superior results. To support transparency and reproducibility, all source
code, experimental artifacts, and datasets used in this study are publicly
available [110].

In future work, we plan to evaluate additional code smell types and
programming languages to better assess the generalizability of active
learning strategies beyond the current Java-based MLCQ dataset. Sec-
ond, we plan to incorporate a more explicit human-in-the-loop setting,
where domain experts participate in the annotation and querying pro-
cess, to better capture annotator disagreement and its impact on model
performance. Third, we plan to investigate automated hyper-parameter
tuning for active learning configurations, including query strategy pa-
rameters, committee size, and classifier settings, to reduce potential
configuration bias and better understand the interaction between tun-
ing choices and query effectiveness. Finally, building on the observed
limitation that the current setting relies on a fixed oracle derived from
MLCQ ground-truth labels, we plan to explore disagreement-aware
active learning scenarios that explicitly model annotator uncertainty
and dynamically evolving labeling behavior.
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