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Abstract

Software refactoring improves the maintainability of code and reduces technical debt, but
making the construction of a labeled refactoring dataset is a costly and labor-intensive
process. To make refactoring prediction more deployable under limited annotation budgets,
this paper introduces a Deep Active Learning (DAL) pipeline that iteratively trains a deep
neural classifier on software-metric representations and selectively queries labels for the
most informative unlabeled entities. Our proposed approach is evaluated in a pool-based
setting across class-, method-, and variable-level refactoring datasets (multiple refactoring
types) using a consistent training protocol and a broad set of query strategies. Results
show that DAL can recover near full-data effectiveness with substantially fewer labels: on
average, reaching the target performance requires 11.4% labeled data for class-level, 25.0%
for method-level, and 20.0% for variable-level refactorings—corresponding to roughly
75–89% labeling savings, demonstrating improved data efficiency for refactoring prediction.
Moreover, uncertainty-based and dropout-enhanced strategies were the most consistently
effective query strategies across refactoring types and labeling budgets.

Keywords: software refactoring; refactoring prediction; active learning; deep active learning;
uncertainty sampling; MC-dropout; software metrics; machine learning for software
engineering

1. Introduction
Refactoring is an essential practice in software engineering that restructures source

code to improve its internal design while preserving the system’s externally visible behavior.
By applying transformations such as renaming identifiers, extracting or inlining methods,
and relocating or reorganizing classes, developers can enhance comprehensibility and
maintainability and mitigate the accumulation of technical debt as software evolves.

A broad range of empirical studies report that refactoring is associated with improve-
ments in code-quality indicators, including lower complexity and higher maintainability [1–4].
These improvements are not merely cosmetic: they can reduce the effort required for un-
derstanding and debugging, support safer evolution, and accelerate the implementation of
new features. For long-lived systems, sustained refactoring is often necessary to prevent
gradual design erosion and to keep the codebase manageable.

Despite these benefits, refactoring remains challenging to execute consistently and
at scale. Developers must decide which parts of the codebase deserve attention, choose
appropriate refactoring operations, and ensure that changes do not introduce faults or
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unintended side effects. In large and fast-changing projects, manual identification of refac-
toring candidates can be time-consuming, making tool support essential for prioritizing
opportunities and guiding developers toward effective interventions.

To assist with this decision-making, recent research has explored automated refactor-
ing opportunity prediction using machine learning [5–10]. Supervised models trained on
historical changes, code metrics, or structural representations can learn patterns that corre-
late with refactoring events and then recommend likely candidates. For instance, Sagar et al.
formulated method-level refactoring type prediction as a multi-class classification problem
over metric variations extracted from commits, finding that Random Forest classifiers
trained on code metrics achieve the best average accuracy of 75% across six refactoring
types [11]. Jesse et al. trained RefactorBERT, a transformer-based model, on over a million
refactoring commits to derive a RefactorScore that identifies refactor-prone code at the
token level, demonstrating that learned representations from commit histories can scale
to industrial-size repositories [12]. Büyük and Nizam proposed a deep learning approach
that combines class-level abstract syntax tree embeddings with recurrent neural networks
over code histories to detect code modification requirements, reporting average accuracy
of 83–86% and showing that structural representations outperform text- and method-level
embeddings [13]. However, building such predictors typically assumes the availability
of sufficiently large labeled datasets [6]. In practice, software repositories may provide
abundant unlabeled code entities and change histories, while reliable labels (e.g., validated
refactoring instances or confirmed refactoring needs) remain scarce and costly to obtain.
Consequently, practitioners face a dual challenge: (i) the computational cost of training
high-capacity models and (ii) the human or tooling effort required to annotate enough
samples to achieve strong generalization, especially when migrating the model across
projects or evolving codebases.

This paper proposes the use of Deep Active Learning (DAL) in software refactoring
prediction to address both challenges. Rather than labeling a large dataset upfront, we
train a deep model iteratively and use an active learning strategy to select which instances
should be labeled next. This setting is particularly well-suited to refactoring prediction,
where large pools of unlabeled candidates are readily available but annotation budgets are
limited. By querying only the most informative samples—those expected to yield the largest
performance gain for the current model—DAL aims to maximize predictive improvement
per annotated instance while simultaneously reducing labeling cost. In addition, selecting
smaller, high-value labeled subsets can shorten training cycles and enable faster iteration
without sacrificing accuracy.

To the best of our knowledge, this work is the first to study DAL as a practical
mechanism for making refactoring prediction more efficient and easier to adopt. While
the underlying deep neural classifier utilizes standard architectural components to ensure
reproducibility and stability, the novelty of this work lies in the optimization of the DAL
pipeline specifically for the multi-level (class, method, and variable) refactoring domain,
where we evaluate which query strategies most effectively navigate the imbalanced nature
of software metrics. More specifically, our main contributions are:

1. A DAL technique for refactoring opportunity prediction that explicitly targets label-
efficiency by prioritizing samples with high expected utility.

2. A comprehensive empirical evaluation that compares various DAL query strategies
for refactoring prediction across class-, method-, and variable-level refactoring types
and quantifies their effectiveness and labeling efficiency at multiple labeling budgets
relative to passive-learning (PL).

3. A publicly available replication package containing source code, experimental settings,
and processed datasets to support reproducibility and enable future extensions.
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The remainder of this paper is organized as follows. Section 2 gives brief background
information about refactoring prediction and DAL. Section 3 reviews prior research on
refactoring prediction and active learning in software engineering. Section 4 describes the
proposed DAL approach, including model design and query strategies. Section 5 details
the empirical evaluation, stating the study objectives and research questions, describing
the refactoring datasets and data processing steps, presenting the performance metrics, and
introducing the replication package. Section 6 presents the experimental setup and results,
followed by a discussion of implications. Threats to validity are examined in Section 8, and
Section 9 concludes the paper and outlines future directions.

2. Background Information
This section provides the background information needed for the rest of the paper.

We first summarize the purpose of software refactoring and illustrate common refactoring
operations at different program granularities. Then, we give an overview of DAL that
motivates our efficiency-oriented approach.

2.1. Software Refactoring

Software refactoring refers to semantics-preserving transformations that improve the
internal structure of a program without changing its externally observable behavior [1,14].
Refactorings may be applied at multiple granularities (e.g., variable, method, and class)
with goals such as improving readability, reducing complexity, increasing modularity, and
lowering future maintenance effort.

Refactoring catalogs commonly describe operations at different levels of abstrac-
tion [14,15]. Below we list representative examples that are frequently supported by mod-
ern IDEs. We also provide three concrete before/after examples in Java (class-, method-,
and variable-level), which are among the most common refactorings in practice.

• Class-level refactorings (structural changes around types and responsibilities):

- Extract Class: Split an overgrown class by moving a coherent subset of field-
s/methods into a new class.

- Move Class: Relocate a class to a more appropriate package/module (often to
reduce inappropriate coupling).

- Pull Up/Push Down: Move common members to a superclass (pull up) or
specialized members to subclasses (push down).

- Rename Class: Improve semantic clarity when the current name no longer
matches the class responsibility.

• Method-level refactorings (improving method structure, naming, and responsibilities):

- Extract Method: Create a new method for a cohesive block of code to reduce
method size and improve readability.

- Inline Method: Replace calls to a trivial method with its body to remove unneces-
sary indirection.

- Move Method: Move a method to the class where the data it primarily uses
resides (often to increase cohesion).

- Rename Method: Align a method name with its behavior after functionality changes.

• Variable-level refactorings (improving local clarity, state management, and
encapsulation):

- Rename Variable/Field: Use descriptive identifiers that reduce cognitive load.
- Encapsulate Field: Restrict direct field access by introducing getters/setters (or

properties) and updating references.
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- Split Variable: Replace a variable that holds multiple conceptual values over time
with distinct variables.

- Inline Temp: Remove a short-lived temporary variable when it does not add clarity.

Illustrative Refactoring Examples in Java

(1) Class-level example: Extract Class.

A common motivation for Extract Class is an overgrown class that mixes multiple
responsibilities (e.g., customer identity and address handling). The refactoring separates a
cohesive subset of fields and methods into a new class. Figure 1 shows an example of an
Extract Class refactoring operation.

Before (mixed responsibilities)

public class Customer {
private String name;
private String street;
private String city;
private String zip;

public Customer(String name, String
street,

String city, String zip) {
this.name = name;
this.street = street;
this.city = city;
this.zip = zip;

}

public String shippingLabel() {
return name + "\n" + street + "\n"

+ city + "␣" + zip;
}

}

After (Extract Class: Address)

public class Customer {
private String name;
private Address address;

public Customer(String name, Address
address) {

this.name = name;
this.address = address;

}

public String shippingLabel() {
return name + "\n" + address.format()

;
}

}

public class Address {
private String street;
private String city;
private String zip;

public Address(String street, String
city,

String zip) {
this.street = street;
this.city = city;
this.zip = zip;

}

public String format() {
return street + "\n" + city + "␣" +

zip;
}

}

Figure 1. Class-level refactoring example (Extract Class): address-related state and formatting
behavior are moved into a dedicated Address class.

(2) Method-level example: Extract Method.

The Extract Method is one of the most common method-level refactorings used to
decompose long methods into smaller, well-named units. Figure 2 shows an example of an
Extract Method refactoring operation.
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Before (single long method)

public class OrderService {
public double total(Order order) {

double subtotal = 0.0;
for (Item i : order.getItems()) {

subtotal += i.getPrice() * i.
getQty();

}
double discount = 0.0;
if (subtotal > 100.0) {

discount = subtotal * 0.10;
}
return subtotal - discount;

}
}

After (Extract Method)

public class OrderService {
public double total(Order order) {

double subtotal = computeSubtotal(
order);

double discount = computeDiscount(
subtotal);

return subtotal - discount;
}

private double computeSubtotal(Order
order) {

double subtotal = 0.0;
for (Item i : order.getItems()) {

subtotal += i.getPrice() * i.
getQty();

}
return subtotal;

}

private double computeDiscount(double
subtotal) {

if (subtotal > 100.0) {
return subtotal * 0.10;

}
return 0.0;

}
}

Figure 2. Method-level refactoring example (Extract Method): cohesive steps are decomposed into
named helper methods to improve readability and testability.

(3) Variable-level example: Rename Variable.

Rename Variable is a frequent local refactoring that improves code readability by making
intent explicit. Figure 3 shows an example of a Rename Variable refactoring operation.

Before (unclear name)

public class Checkout {
public double finalPrice(double price) {

double d = 0.0;
if (price > 100.0) {

d = price * 0.10;
}
return price - d;

}
}

After (Rename Variable)

public class Checkout {
public double finalPrice(double price) {

double discount = 0.0;
if (price > 100.0) {

discount = price * 0.10;
}
return price - discount;

}
}

Figure 3. Variable-level refactoring example (Rename Variable): renaming improves clarity without
changing behavior.

2.2. Active Learning

Active learning (AL) seeks to reduce labeling effort by iteratively selecting the most
informative unlabeled instances for annotation under a fixed budget. In the common pool-
based setting, AL starts from a small labeled set and iteratively selects additional unlabeled
instances to be annotated by an oracle (e.g., a developer or domain expert), aiming to
maximize performance gains per label queried. DAL adapts these ideas to deep neural
networks and is especially relevant when labeling and training costs are a bottleneck.

Compared to classical AL with shallow models, DAL introduces practical and method-
ological challenges. Deep models typically require more data and computation to converge,
making frequent retraining costly.
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3. Related Work
Research on refactoring has expanded along two complementary directions: (i) mining

and detecting refactoring activities from software histories, and (ii) predicting refactoring
opportunities to support developers before changes are made. In parallel, the broader
software engineering (SE) community has increasingly investigated learning strategies that
reduce the cost of building predictive models, especially when labeled data are limited.
Since our work focuses on Deep Active Learning for refactoring prediction, we review
prior studies on refactoring detection and prediction, followed by learning approaches that
explicitly target label efficiency.

3.1. Refactoring Detection and Mining from Software Repositories

A number of studies aim to identify refactoring events after they occur by analyzing
commits and version-control traces. AlOmar et al. introduced Self-Affirmed Refactoring
(SAR), where developers explicitly describe refactoring in commit messages, and proposed
a learning-based pipeline to recognize such commits and categorize their intent [16]. Their
results show that textual and commit-level signals can be leveraged to find refactoring-
related changes at scale. Similarly, Noei et al. proposed MLRefScanner for identifying
refactoring commits in Python-based machine learning projects, using change features that
capture both general and ML-specific refactoring patterns [17]. These works demonstrate
the value of learning-based refactoring mining, but their primary goal is retrospective
identification of refactoring activities. In contrast, our work targets prospective prediction:
given code entities (e.g., classes, methods, or variables), we aim to predict refactoring
opportunities before a refactoring is performed.

3.2. Refactoring Opportunity Prediction

Refactoring opportunity prediction is commonly formulated as a supervised classifica-
tion problem, where models learn from labeled examples derived from project histories
and/or refactoring detectors. Several studies have utilized static code metrics to predict
refactoring opportunities at various granularities. At the class level, research has explored
the predictive utility of metrics [18,19] and the use of dimensionality reduction like PCA
to manage high-dimensional data [20]. Similarly, traditional classifiers have been evalu-
ated for method-level prediction [21,22], with the results suggesting that structural signals
typically outperform textual signals [11]. While these works establish the learnability of
refactoring, they largely assume the availability of large labeled datasets.

Prior research has extensively explored refactoring prediction across various granular-
ities. Notably, Aniche et al. [5] conducted a systematic evaluation of supervised learning
models at the class, method, and variable levels, demonstrating that robust performance
can be achieved using conventional classifiers. Their study also provided a rigorous analy-
sis of feature importance, specifically identifying the software metrics that most effectively
predict various refactoring operations. Building on these established foundations regarding
feature relevance, our work shifts the focus toward the challenge of maximizing label effi-
ciency through DAL. Nyamawe et al. proposed a recommendation approach that leverages
histories of feature requests and previously applied refactorings to predict refactorings
needed for new feature work [23]. Alameer and Alazba proposed a two-level tree-based
stacking ensemble to predict refactoring opportunities across three granularities—class,
method, and variable levels. They explored multiple stacking configurations (varying
base and meta learners) and applied two feature selection techniques to identify the most
informative software metrics for prediction. The approach was evaluated on a publicly
available dataset with over two million refactoring instances and was benchmarked against
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nine traditional ML models and seven tree-based ensemble methods; the results showed
that tree-based stacking consistently outperforms traditional machine learning models [6].

Beyond metric-based approaches, representation learning has also been adopted:
Kurbatova et al. proposed a recommender for Move Method refactoring that uses code2vec
embeddings to capture syntactic/semantic properties of code fragments, demonstrating
the promise of learned code representations for refactoring recommendations [24].

Collectively, these works show that refactoring opportunities are learnable from histor-
ical data and code characteristics. However, most approaches assume that sufficiently large
labeled datasets are available and typically optimize for predictive effectiveness rather than
label efficiency and training efficiency.

3.3. Label-Efficient Learning and Active Learning for Software Engineering

A practical barrier for deploying refactoring predictors is the cost of obtaining labels
(e.g., validated refactoring instances or high-confidence refactoring needs) and the cost
of training and iterating on complex models. Active learning addresses this by selecting,
from a large unlabeled pool, the instances whose labels are expected to yield the largest
improvement in the model [25]. DAL extends AL to deep models and is often motivated
by scenarios where unlabeled data are abundant, but annotation is expensive, and model
retraining is costly [26–30].

For example, Liapis et al. investigated data-efficient software defect prediction by
comparatively evaluating (i) active learning-enhanced variants of traditional classifiers and
(ii) voting ensemble schemes using common query strategies such as uncertainty, margin,
and entropy sampling [31]. The results of this work show that active learning methods
frequently match baseline performance while substantially reducing labeling effort (e.g.,
at least 75% training-set reduction in most of the cases) [31]. While their target is defect
proneness rather than refactoring need, their results reinforce the broader SE motivation
for AL: competitive performance can often be achieved under tight labeling budgets.

Active learning has also been applied to vulnerability inspection. For instance,
Yu et al. [32] proposed the HARMLESS framework, which uses a staged querying policy
and error-correction mechanisms to reduce the human effort required for inspecting large
codebases. While this study demonstrates the power of AL in SE, our work is the first to sys-
tematically investigate DAL specifically for the multi-level refactoring prediction domain.

More recently, several studies have broadened the application of AL across diverse
SE tasks. Feyzi and Daneshdoost [33] studied the effectiveness of deep active learning
specifically for software defect prediction, proposing deep learning classifiers trained with
pool-based AL and evaluating multiple sampling strategies; their results show improve-
ments in F-measure and AUC compared to traditional ML baselines while substantially
reducing the annotation burden. Wang et al. extended AL to the cross-project just-in-time
(JIT) defect prediction setting, where labeled data from the target project are scarce, and
demonstrated that querying uncertain target-project samples with an active deep learn-
ing strategy improves cross-project prediction performance over passive labeling [34]. In
the vulnerability detection domain, Sun et al. combined pool-based active learning with
semi-supervised pseudo-labeling in ASSBert, a BERT-based framework for smart contract
vulnerability detection; by selecting highly uncertain Solidity files for manual annotation,
their approach achieves strong detection performance with only a small initial labeled
set [35]. Finally, Hu et al. provided the first systematic benchmark of AL acquisition func-
tions for training code models (Active Code Learning), evaluating eleven strategies across
code-understanding tasks such as clone detection and vulnerability detection in IEEE
TSE; their results highlight that representation choice strongly governs AL effectiveness
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and that output-vector-based sample selection consistently outperforms other acquisition
functions [36].

3.4. Summary of Differences from Prior Work

In summary, prior research has (i) detected and characterized refactorings in commit
histories [16,17], (ii) predicted refactoring opportunities using supervised learning with
metrics and learned representations [5,18,19,24], and (iii) explored various modeling im-
provements to enhance predictive performance. In contrast, our paper investigates Deep
Active Learning as a mechanism to reduce labeling and training costs while maintaining
competitive accuracy, making refactoring prediction more deployable in settings with large
unlabeled repositories and limited annotation budgets.

4. Methodology
In this section, we present the methodology used to utilize DAL to predict refactor-

ing opportunities. We discuss the problem formulation, general framework, refactoring
datasets, data preprocessing, deep learning model architecture, DAL protocol, query strate-
gies, and implementation.

4.1. Problem Formulation

We formulate refactoring opportunity prediction as a supervised binary classification
problem. Given a software entity x (e.g., class or method) represented by a vector of
software metrics, the goal is to predict whether a refactoring operation should be applied
(y = 1) or not (y = 0). Since labeling refactoring opportunities requires expert knowledge
and is costly, we adopt a pool-based DAL setting to reduce the annotation effort while
maintaining predictive performance [25,28,37].

Let P denote the training pool, L ⊂ P the labeled subset, U = P \ L the unlabeled
pool, and T a fixed test set. At each DAL round, the learner selects informative instances
from U for labeling by an oracle, expanding L and retraining the model.

4.2. Overall Framework

Figure 4 summarizes our DAL approach for refactoring opportunity prediction. The
pipeline starts from the refactoring datasets and proceeds through Data preprocessing to
construct a fixed test set T and a training pool P . The core DAL loop then iteratively trains
a deep model on the current labeled set Lr, scores the unlabeled pool Ur, and applies Query
Strategies to select a batch Q for oracle labeling and subsequent set updates, repeating until
a stopping criterion is satisfied. Finally, the model is evaluated on T to report predictive
performance and produce learning curves and runtime summaries aligned with the research
questions. Each component is described in detail in the subsequent sections.

Deep Active Learning Framework

        Fixed Test Set T

        Unlabeled Pool U

Query Strategies
(Random, Uncertainty,

Bayesian, Diversity,
Adversarial)

        Labeled Set Q

Manual Annotation

      Deep learning 
    model

Data & Preprocessing 

Refactoring datasets

Pre-processing

Evaluation

Evaluating Effectiveness 
(Accuracy, Precision,

Recall, F1)

Labeling Efficiency

Computational Cost

Figure 4. DAL methodology.
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4.3. Refactoring Datasets

We use the refactoring datasets by Aniche et al. [5], spanning three granularity levels:
class-level, method-level, and variable-level. Each dataset corresponds to a refactoring
operation (e.g., Extract Class (EC), Extract Method (EM), or Rename Variable (RV)) and
includes refactored and non-refactored instances. Table 1 reports the dataset sizes.

The experiments were conducted on multiple refactoring datasets mined from real-
world software systems. Each dataset corresponds to a specific refactoring operation (e.g.,
Extract Class or Move Method) and follows established refactoring detection and dataset
construction practices reported in prior work [5]. Each instance represents a software
entity described using a set of static software metrics, including structural, complexity,
coupling, and cohesion measures. Class-level refactorings include a total of 46 features,
with 37 source code metrics (e.g., coupling between objects (CBO), weighted methods
per class (WMC), number of methods, and lines of code), 5 process-related metrics (e.g.,
number of commits, bug fixes, and previous refactoring operations), and 4 ownership-based
metrics (e.g., author ownership and number of major/minor contributors). Method-level
refactorings incorporate an additional 20 method-specific source code metrics, including
number of parameters, loops, assignments, and mathematical operations, resulting in a
total of 57 features. Variable-level refactorings introduce one additional metric that captures
the number of times a variable is used, leading to a final feature count of 58. Prior empirical
studies have shown that software engineering datasets are often heavily skewed, with
minority events occurring infrequently; our refactoring datasets follow the same pattern,
exhibiting severe class imbalance [38,39].

The data was partitioned into an initial labeled set L0, a large unlabeled pool U , and a
fixed test set T . Table 1 summarizes the original dataset sizes as reported by Aniche et al.
The first two numeric columns (Refactored and Non-refactored) reflect the true, highly
imbalanced distributions in the data.

Table 1. Aniche et al. datasets [5].

Refactoring
Operation

Refactored
Instances

Non-Refactored
Instances

Class-Level
Extract Class (EC) 41,191 10,692
Extract Interface (EI) 10,495 10,692
Extract Subclass (ESC) 6436 10,692
Extract Superclass (ESP) 26,814 10,692
Move and Rename Class (MARC) 654 10,692
Move Class (MC) 49,815 10,692
Rename Class (RC) 3991 10,692
Total (Class-Level) 139,396 10,692

Method-Level
Extract and Move Method (EMM) 9723 293,467
Extract Method (EM) 327,493 293,467
Inline Method (IM) 53,827 293,467
Move Method (MM) 163,078 293,467
Pull Up Method (PUM) 155,076 293,467
Push Down Method (PDM) 62,630 293,467
Rename Method (RM) 427,935 293,467
Total (Method-Level) 1,199,762 293,467

Variable-Level
Extract Variable (EV) 6709 702,494
Inline Variable (IV) 30,894 702,494
Parameterize Variable (PV) 22,537 702,494
Rename Parameter (RP) 33,675 702,494
Rename Variable (RV) 324,955 702,494
Replace Variable With Attribute (RVWA) 25,894 702,494
Total (Variable-Level) 444,664 702,494

Overall Total 1,783,822 1,006,653
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4.4. Data Preprocessing

For each refactoring dataset, we standardized all numeric features using z-score
normalization. We then performed a stratified train–test split with 80% of the data used
as the training pool P and the remaining 20% as the test set T , using a fixed random seed
for reproducibility. The test set was held out and never queried during DAL. Within P ,
labels were initially hidden except for a small seed set L0, and DAL progressively revealed
additional labels subject to a labeling budget.

To mitigate the extreme class imbalance during training, we applied random under-
sampling on the training pool only, after the train–test split. For each refactoring dataset, we
retained all minority (refactored) instances in P and uniformly sampled the same number
of majority (non-refactored) instances from P without replacement, thereby constructing a
balanced training subset for model learning.

Random under-sampling was applied only to the training set after the train/test split,
whereas the test set was preserved in its original imbalanced distribution. This decision was
motivated by two considerations. First, it reduced majority-class dominance during training
and improves learning stability. Second, the original refactoring datasets were very large,
and running multi-round DAL experiments on the PL training pools was computationally
inapplicable given our available hardware resources. Therefore, under-sampling was
necessary to make the experiments feasible. This design is also broadly consistent with
prior work on refactoring prediction datasets, such as that of Aniche et al., who also
applied under-sampling, although before the train/test split. In our case, performing
under-sampling only on the training data preserves a more realistic evaluation setting. All
DAL strategies operated on this (under-sampled) training pool, while performance was
consistently reported on the unchanged test set. It is worth noting that because random
under-sampling was applied after the train/test split, the reported DAL behavior and
labeling-efficiency results should be interpreted as specific to an under-sampled training
setting and may differ with the original class imbalance.

Following data preprocessing, the prepared training pool was used as input to the
DAL framework. The next section presents the proposed DAL framework, including the
prediction model and the adopted query strategies.

4.5. Deep Learning Model

Deep learning has shown strong effectiveness in software engineering prediction
tasks, particularly when learning complex feature interactions [40]. We employed a deep
neural network as the base learner due to its ability to capture non-linear relationships
among software metrics. We utilized a feed-forward neural network. The model consists
of two fully connected hidden layers of width 128 with ReLU activations and dropout
regularization (p = 0.5), followed by a two-unit output layer with softmax activation. The
representation produced by the second hidden layer was further used as a latent embedding
for embedding-based query strategies. The feed-forward neural network was selected as
the common base learner to provide a unified evaluation setting for all DAL strategies. The
goal of the study is to compare query strategies that have the same predictive backbone,
rather than to optimize over multiple model families. Evaluating DAL against strong
tree-based and ensemble baselines remains an important direction for future work.

Given an input x, the network produces class probabilities pθ(y = c | x) for c ∈ {0, 1}
parameterized by θ. Model parameters are optimized using the cross-entropy loss [41]

LCE(θ) = −
1
|L| ∑

(x,y)∈L
∑

c∈{0,1}
I[y = c] log pθ(y = c | x), (1)

with the Adam optimizer, learning rate 10−3, batch size 64, and 15 epochs per DAL round.
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To ensure fair comparison, the same architecture and hyperparameters were used for
all query strategies. Dropout was retained at inference time for Bayesian DAL strategies
based on Monte Carlo (MC) sampling [28].

4.6. Deep Active Learning Framework

We adopted a pool-based DAL framework, where the deep model iteratively selects
the most informative unlabeled instances for expert annotation [28,30]. At each DAL round,
the model was trained on the current labeled set, used to evaluate the unlabeled pool, and
guided by an acquisition function to select a batch of informative instances. The newly
labeled instances were added to the training set, and the process repeated until the labeling
budget was exhausted.

Algorithm 1 summarizes the proposed DAL process for refactoring opportunity pre-
diction. We initialized a small labeled subset L0 by uniform random sampling from the
training pool P . At each round, we trained the model on L, computed an acquisition score
for each x ∈ U , selected a batch of instances with highest scores, queried their labels, and
added them to L.

Algorithm 1 Deep Active Learning for refactoring prediction

Require: Training pool P , test set T , initial fraction pinit, query fraction pq, label cap pmax,
max rounds Rmax, acquisition function a(·)

1: Initialize L ⊂ P by sampling |L| = max(20, ⌊pinit|P|⌋) uniformly at random
2: U ← P \ L
3: for r = 0 to Rmax do
4: Train deep model fθ on L (fixed epochs and hyperparameters)
5: Evaluate fθ on T and compute metrics
6: if |L||P| ≥ pmax then
7: break {label budget reached (e.g., 50% of P)}
8: end if
9: B← max(20, ⌊pq|P|⌋)

10: Compute a(x) for all x ∈ U
11: Select Q ⊆ U with |Q| = B having the highest acquisition scores
12: Query oracle labels for Q
13: L ← L∪Q, U ← U \Q
14: end for

Percent-based labeling budget.

To enable consistent comparison across datasets of different sizes, we express labeling
in terms of the fraction of the training pool. We initialized with pinit = 5% of P labeled
(with a minimum of 20 labeled instances), and at each round we queried an additional
pq = 2% of P (minimum 20 instances). The cumulative labeling budget was capped at
pmax = 30% of P .

Training and convergence.

At each round r, the model fθ was trained from scratch on the current labeled set Lr

with fixed hyperparameters. We then evaluated fθ on the held-out test set T and used the
F1-score (Section 5.2) as the primary metric Mr. The DAL process ran for at most Rmax = 30
rounds and stopped when the fraction of labeled instances in the training pool reached a
predefined label cap pmax (set to 50% in our experiments), i.e., when

|Lr|
|P| ≥ pmax.

Thus, all strategies were compared under the same maximum labeling budget.
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https://doi.org/10.3390/info17050420


Information 2026, 17, 420 12 of 30

4.7. Query Strategies

For each unlabeled instance x ∈ Ur, an acquisition function a(x) quantified its infor-
mativeness. At round r, we selected the top-B instances with the highest acquisition scores
for labeling, where B is determined by the query fraction pq.

Let the model produce class probabilities pθ(y = c | x) for c ∈ {0, 1}. We computed an
acquisition score a(x) for each unlabeled instance and queried the top-B instances utilizing
the following groups of strategies:

Entropy sampling [25].

aES(x) = − ∑
c∈{0,1}

pθ(y = c | x) log
(

pθ(y = c | x) + ϵ
)
, (2)

where ϵ is a small constant for numerical stability.

Least-confidence sampling [42].

aLC(x) = 1− max
c∈{0,1}

pθ(y = c | x). (3)

Margin sampling [43].

Let p(1)(x) and p(2)(x) denote the largest and second-largest class probabilities.

aMS(x) = 1−
(

p(1)(x)− p(2)(x)
)
. (4)

MC-dropout uncertainty (entropy with dropout) [28].

We performed K stochastic forward passes (dropout enabled) to obtain p(k)θ (y = c | x)

and used the mean predictive distribution p̄(y = c | x) = 1
K ∑K

k=1 p(k)θ (y = c | x). Entropy
was then computed using p̄ as in Equation (2). We also considered entropy, least-confidence,
and margin sampling computed on p̄(y | x).

BALD (Bayesian Active Learning by Disagreement) [28].

BALD scores instances by the mutual information between predictions and model
parameters:

aBALD(x) = H[ p̄(y | x)]− 1
K

K

∑
k=1

H
[

p(k)θ (y | x)
]
, (5)

where H[·] is entropy.

Cluster-based selection [30].

We also evaluated cluster-based strategies that operate on learned embeddings from
the penultimate layer. KMeans selects points closest to cluster centroids that approximate
core-set selection by maximizing the minimum distance to the labeled set.

Adversarial acquisition [44].

We included adversarial query strategies (BIM, DeepFool) that prioritize instances
requiring minimal perturbations to change the predicted class, thus selecting points near
the decision boundary.

Random sampling.

Random sampling serves as a baseline for assessing the added value of DAL strategies.

4.8. Implementation Details

This methodology integrates deep learning with active learning to predict refactoring
opportunities under limited labeling budgets. By selecting informative instances using
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uncertainty-, diversity-, and adversarial-based acquisition functions, the proposed DAL
framework aims to achieve strong predictive performance while reducing annotation effort.

Our experiments were conducted using the DeepAL framework for DAL in Python [45],
available as an open-source library. (https://github.com/ej0cl6/deep-active-learning) (ac-
cessed on 26 March 2026). DeepAL provides a generic implementation of pool-based
active learning with a variety of query strategies, implemented in Python 3.9.0 on top of
PyTorch 2.7.1 (for model definition and training) and scikit-learn (for preprocessing and
clustering), with additional support from NumPy and pandas for data handling, tqdm for
progress reporting, and matplotlib for visualization. In this work, we adapted DeepAL
to the refactoring prediction setting. Specifically, we replaced image-based models with
a feed-forward neural network for tabular software metrics. In the DAL setup, 5% of
the training pool was initially labeled, an additional 5% was queried in each round, and
training stopped when performance plateaued or the labeling budget reached 50% of the
training pool.

We used DeepAL’s existing implementations of uncertainty-based, Bayesian (MC-
dropout), diversity-based (KMeans), and adversarial (BIM, DeepFool) strategies while
modifying the experimental driver to (i) express the initial labeled size and per-round
query size as fixed percentages of the training pool with minimum counts, (ii) enforce a
maximum labeling budget of 30% of the training pool, (iii) add a convergence-based early
stopping criterion based on F1-score improvement (minimum improvement threshold
and patience), and (iv) log round-level metrics and runtime to CSV files for all datasets
and strategies. These adaptations allow us to apply DeepAL directly to large, imbalanced
refactoring datasets and to generate the learning curves and comparative analyses reported
in this paper.

5. Empirical Evaluation
In this section, we describe in detail our empirical evaluation. The objective of the

empirical study and the research questions are clearly stated. We then describe the perfor-
mance metrics used to validate the proposed methodology. Finally, the replication package
is presented.

5.1. Research Questions

This study investigates the effectiveness and efficiency of DAL for refactoring oppor-
tunity prediction under limited labeling budgets. Specifically, we address the following
research questions:

RQ1: Effectiveness.

How effective are different DAL query strategies for refactoring prediction compared
with Passive Learning (PL)?

This research question evaluates the predictive effectiveness of different DAL query
strategies for refactoring prediction by comparing them against a PL model trained on all
labeled instances.

RQ2: Labeling Efficiency.

To what extent can DAL reduce the labeling effort required to achieve competitive
performance?

Here, we analyze learning curves as a function of the labeled fraction, assessing how
quickly DAL strategies approach their peak performance relative to the PL labeled dataset.

RQ3: Computational Efficiency.

What is the computational cost of query strategies, and how do they compare in terms
of runtime efficiency under equivalent labeling budgets?

https://doi.org/10.3390/info17050420
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This research question analyzes per-round runtime and overall execution cost to assess
the practical feasibility of the evaluated strategies.

5.2. Evaluation Metrics

We assess the effectiveness and efficiency of DAL strategies on the fixed test set after
each DAL round. We report standard classification metrics, including precision, recall, and
F1-score. Let TP, FP, TN, and FN denote the confusion matrix entries. We computed:

Accuracy.

Accuracy =
TP + TN

TP + TN + FP + FN
. (6)

Precision and recall.

Precision =
TP

TP + FP
, Recall =

TP
TP + FN

. (7)

F1-score.

F1 =
2 · Precision · Recall
Precision + Recall

. (8)

Given the severe class imbalance in the refactoring datasets (Table 1), we use F1 as
the primary metric, both for reporting and for convergence-based stopping, and report
accuracy, precision, and recall for completeness.

Labeling efficiency.

To study labeling efficiency and strategy comparison, we analyze learning curves
{(ℓr, F1r)}r, where

ℓr =
|Lr|
|P| (9)

is the labeled fraction at round r.

Computational efficiency.

For computational efficiency, we recorded per-round runtime (seconds) including
training, query, and evaluation, and compared strategies under equivalent labeling budgets.

To complement the runtime analysis in RQ3, we computed this metric at 50% labeled
because it represents a realistic mid-budget setting where strategies have had enough
iterations to learn but labeling is still limited. For each dataset and strategy, we define

∆F1 = F1strategy − F1PL, ∆T = Tstrategy − TPL,

where F1 is the per-round F1-score and T is the per-round runtime including training/eval-
uation and query selection.

5.3. Replication Package

To support transparency and reproducibility, we provide a publicly available replica-
tion package. The package includes (i) the refactoring datasets used in this study and
(ii) the complete implementation of the DAL framework and query strategies, along
with configurations specifying all hyperparameters and labeling budgets. All experi-
ments can be executed using a single entry-point script and produce round-level results,
including performance metrics, labeling progress, and runtime information. The pack-
age is available online (https://github.com/amalazba/Deep-Active-Learning-for-Label-
Efficient-Refactoring-Prediction ) (accessed on 26 March 2026).
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6. Results and Discussion
This section presents the empirical results of applying DAL to refactoring opportunity

prediction under constrained labeling budgets. We discuss predictive effectiveness (RQ1),
labeling efficiency (RQ2), and computational efficiency (RQ3). Throughout the analysis,
we compare strategies under various labeling budgets. Given the strong class imbalance
typical in the refactoring prediction, we emphasize the F1-score as the primary metric of
predictive effectiveness.

6.1. Predictive Effectiveness

As shown in Tables 2–4, the effectiveness of DAL strategies was evaluated at labeling
budgets of 10%, 25%, and 50% relative to the PL baseline. We evaluated labeling budgets
from 5% to 50% of the training data; however, the 50% budget is included only as an upper-
bound reference point to illustrate the progression toward the PL baseline. The reported
values are ∆F1 with respect to the PL model, such that values closer to zero indicate better
recovery of baseline performance, while positive values indicate that the DAL strategy
outperformed the PL model. Across the three refactoring granularities (class-, method-,
and variable-level), the tables reveal a consistent budget-dependent trend: the gap between
DAL-based models and the PL baseline decreases as the labeling budget increases. In
Table 2, most entries are negative, indicating expected degradation under an insufficient
labeling budget; in Table 3, many strategies move close to zero, and several become positive;
and by Table 4, many types of refactoring match or exceed the PL baseline performance.

Table 2. RQ1 (Effectiveness): F1-scores across refactoring types @10 labeling budgets.

Type PL(F1) RS LC MS ES LCD MSD ESD BALD KM BIM DF

Class-level
EC 0.938 −0.004 −0.008 −0.007 −0.001 −0.007 −0.005 −0.004 −0.007 −0.007 −0.012 −0.015
EI 0.917 −0.027 −0.021 −0.016 −0.021 −0.019 −0.024 −0.019 −0.032 −0.033 −0.018 −0.015
ESP 0.945 −0.017 −0.001 −0.011 −0.005 −0.006 −0.008 −0.010 −0.013 −0.008 −0.007 −0.006
ESC 0.900 −0.021 −0.022 −0.019 −0.020 −0.012 −0.019 −0.014 −0.043 −0.041 −0.016 −0.018
MARC 0.556 −0.137 +0.017 −0.021 +0.028 −0.178 +0.076 −0.056 −0.139 −0.037 −0.039 −0.053
MC 0.982 −0.010 −0.006 −0.011 −0.009 −0.009 −0.010 −0.007 −0.011 −0.016 −0.009 −0.009
RC 0.891 −0.069 −0.051 −0.060 −0.046 −0.042 −0.047 −0.043 −0.077 −0.073 −0.044 −0.048
Method-level
EM 0.891 −0.027 −0.016 −0.013 −0.014 −0.015 −0.018 −0.013 −0.028 −0.019 −0.017 −0.017
EMM 0.216 −0.059 −0.047 −0.049 −0.037 −0.042 −0.055 −0.033 −0.060 −0.046 −0.040 −0.049
IM 0.606 −0.050 −0.046 −0.059 −0.034 −0.062 −0.031 −0.045 −0.089 −0.066 −0.064 −0.057
MM 0.788 −0.047 −0.033 −0.033 −0.034 −0.036 −0.034 −0.032 −0.057 −0.048 −0.040 −0.037
PDM 0.715 −0.069 −0.059 −0.064 −0.039 −0.051 −0.054 −0.038 −0.095 −0.068 −0.069 −0.051
PUM 0.840 −0.037 −0.025 −0.028 −0.028 −0.023 −0.027 −0.028 −0.051 −0.043 −0.040 −0.026
RM 0.881 −0.021 −0.012 −0.020 −0.016 −0.017 −0.017 −0.011 −0.024 −0.018 −0.015 −0.019
Variable-level
EV 0.090 −0.014 −0.015 −0.007 +0.002 −0.016 −0.008 −0.005 −0.018 −0.015 −0.007 −0.010
IV 0.297 −0.058 −0.031 −0.023 −0.040 −0.004 −0.021 −0.026 −0.041 −0.036 −0.027 −0.035
PV 0.246 −0.064 −0.048 −0.054 −0.023 −0.030 −0.038 −0.030 −0.077 −0.049 −0.034 −0.047
RP 0.823 −0.024 −0.018 −0.016 −0.016 −0.013 −0.016 −0.016 −0.033 −0.027 −0.020 −0.017
RV 0.812 −0.038 −0.030 −0.026 −0.023 −0.022 −0.019 −0.020 −0.045 −0.034 −0.031 −0.025
RVWA 0.295 −0.055 −0.026 −0.026 −0.024 −0.039 −0.021 −0.031 −0.071 −0.045 −0.021 −0.029
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Table 3. RQ1 (Effectiveness): F1-scores across refactoring types @25 labeling budgets.

Type PL(F1) RS LC MS ES LCD MSD ESD BALD KM BIM DF

Class-level
EC 0.938 −0.001 −0.001 −0.000 −0.001 +0.002 −0.002 −0.006 −0.005 −0.003 +0.002 −0.001
EI 0.917 −0.010 −0.000 −0.005 −0.003 +0.001 −0.007 −0.001 −0.036 −0.017 −0.003 −0.004
ESP 0.945 −0.005 −0.006 −0.004 −0.002 −0.000 −0.003 −0.002 −0.012 −0.007 −0.004 −0.000
ESC 0.900 −0.011 −0.004 −0.003 −0.006 −0.004 −0.004 −0.001 −0.037 −0.011 −0.008 −0.002
MARC 0.556 −0.108 −0.048 −0.068 −0.051 −0.019 −0.063 −0.064 −0.058 −0.089 −0.061 −0.039
MC 0.982 −0.008 −0.002 −0.002 −0.003 −0.003 −0.004 −0.001 −0.013 −0.010 −0.006 −0.005
RC 0.891 −0.039 −0.008 −0.003 −0.013 −0.010 −0.011 −0.003 −0.070 −0.029 −0.009 −0.021
Method-level
EM 0.891 −0.016 −0.003 −0.000 −0.001 −0.001 +0.001 −0.003 −0.024 −0.014 −0.007 −0.007
EMM 0.216 −0.025 −0.009 −0.013 −0.029 −0.023 −0.033 −0.022 −0.055 −0.052 −0.030 −0.025
IM 0.606 −0.033 −0.032 −0.027 −0.025 −0.004 −0.016 −0.010 −0.046 −0.023 −0.037 −0.025
MM 0.788 −0.034 −0.007 −0.011 −0.015 −0.007 −0.010 −0.006 −0.049 −0.026 −0.026 −0.010
PDM 0.715 −0.052 −0.014 −0.012 −0.015 −0.003 −0.014 −0.015 −0.095 −0.044 −0.036 −0.015
PUM 0.840 −0.026 +0.001 −0.003 −0.001 +0.002 +0.003 −0.001 −0.046 −0.023 −0.015 −0.005
RM 0.881 −0.014 +0.001 −0.001 +0.002 −0.002 −0.002 −0.004 −0.021 −0.019 −0.007 −0.004
Variable-level
EV 0.090 −0.016 −0.010 −0.002 +0.001 +0.012 −0.007 +0.005 −0.011 −0.014 −0.002 +0.011
IV 0.297 −0.006 −0.003 −0.034 +0.001 +0.007 +0.006 −0.009 −0.054 −0.015 −0.000 +0.031
PV 0.246 −0.037 −0.005 −0.031 −0.031 −0.031 −0.024 −0.020 −0.063 −0.039 −0.026 −0.018
RP 0.823 −0.018 +0.001 +0.002 −0.000 +0.003 +0.002 +0.001 −0.032 −0.016 −0.008 −0.005
RV 0.812 −0.021 +0.001 −0.001 +0.001 +0.003 +0.002 +0.003 −0.039 −0.019 −0.013 −0.016
RVWA 0.295 −0.032 +0.010 +0.026 −0.002 −0.008 +0.036 +0.006 −0.021 +0.006 −0.034 +0.017

Table 4. RQ1 (Effectiveness): F1-scores across refactoring types @50 labeling budgets.

Type PL(F1) RS LC MS ES LCD MSD ESD BALD KM BIM DF

Class-level
EC 0.938 +0.002 −0.002 −0.001 −0.000 +0.001 −0.001 −0.003 +0.001 −0.002 +0.001 +0.001
EI 0.917 −0.005 −0.000 −0.002 −0.005 −0.001 −0.004 −0.003 −0.022 −0.009 −0.003 +0.002
ESP 0.945 −0.007 −0.004 +0.001 −0.001 −0.001 −0.003 −0.000 −0.005 −0.002 −0.003 −0.006
ESC 0.900 −0.005 −0.003 +0.001 −0.004 −0.003 −0.002 −0.004 −0.018 −0.002 −0.006 −0.005
MARC 0.556 −0.016 −0.014 −0.004 +0.010 −0.021 −0.013 −0.024 −0.068 −0.075 +0.002 +0.007
MC 0.982 −0.006 −0.004 −0.002 −0.001 −0.001 −0.003 −0.002 −0.008 −0.003 −0.002 −0.001
RC 0.891 −0.001 −0.002 −0.004 −0.003 −0.012 −0.006 −0.003 −0.043 −0.005 −0.009 −0.001
Method-level
EM 0.891 −0.009 −0.001 +0.001 +0.002 −0.000 +0.000 −0.001 −0.020 −0.006 +0.000 −0.000
EMM 0.216 −0.025 −0.020 −0.022 −0.008 −0.022 −0.017 −0.016 −0.033 −0.024 −0.009 +0.005
IM 0.606 −0.025 −0.005 +0.004 +0.014 −0.017 −0.025 −0.008 −0.046 −0.025 −0.019 +0.003
MM 0.788 −0.019 −0.002 +0.002 +0.003 −0.001 +0.000 +0.002 −0.044 −0.011 −0.005 −0.003
PDM 0.715 −0.018 −0.017 +0.006 +0.003 −0.008 +0.003 +0.001 −0.102 −0.028 −0.019 −0.017
PUM 0.840 −0.015 +0.004 +0.007 +0.003 +0.006 +0.007 +0.008 −0.041 −0.007 −0.004 +0.001
RM 0.881 −0.005 +0.004 +0.002 −0.000 +0.004 +0.002 +0.003 −0.022 −0.007 −0.001 +0.003
Variable-level
EV 0.090 −0.004 −0.004 −0.003 +0.005 +0.004 +0.008 −0.002 −0.010 −0.006 +0.001 −0.007
IV 0.297 −0.005 +0.014 −0.010 +0.006 +0.012 +0.014 +0.014 −0.038 +0.009 +0.006 −0.001
PV 0.246 −0.031 −0.026 −0.021 −0.011 −0.009 −0.010 −0.031 −0.017 −0.015 −0.006 −0.013
RP 0.823 −0.007 +0.003 +0.001 +0.002 +0.003 −0.001 +0.002 −0.029 −0.004 −0.003 +0.000
RV 0.812 −0.009 +0.004 +0.004 +0.006 +0.003 +0.003 +0.004 −0.032 −0.009 −0.009 +0.000
RVWA 0.295 +0.016 +0.005 +0.017 +0.036 +0.001 −0.007 +0.011 −0.046 +0.004 −0.026 −0.003

At the 10% labeling budget (Table 2), the observed performance varies across refac-
toring types and query strategies. For class-level refactorings, several uncertainty-based
and dropout-based variants are among the closest to the baseline. For instance, ES yields
the smallest observed degradation for the EC (−0.001), while LC is closest to the baseline
for both the ESP (−0.001) and MC (−0.006). For the RC, LCD shows the smallest observed
degradation among the compared strategies (−0.042). The MARC exhibits larger numerical
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variation across strategies: RS and LCD show larger degradations (−0.137 and −0.178,
respectively), whereas MSD and ES exceed the baseline (+0.076 and +0.028, respectively).
A similar trend can be observed for method-level refactorings. ESD is often among the
stronger strategies, with the smallest observed degradation for the EM (−0.013), EMM
(−0.033), MM (−0.032), PDM (−0.038), and RM (−0.011). Variable-level refactorings show
that ES slightly exceeds the PL baseline for the EV (+0.002), while LCD and MSD are among
the closest to the baseline for the IV, RP, RV, and RVWA. In contrast, BALD and KM are
often associated with larger degradations across the variable-level rows, consistent with
their numerical behavior in the class- and method-level sections of the same table.

At the 25% labeling budget (Table 3), the overall gap to the PL baseline narrows
substantially. For class-level refactorings, the table shows several near-zero or positive
results, indicating that DAL can closely recover baseline performance with one-quarter of
the labels. The EC is slightly improved under both LCD and BIM (+0.002), the EI has its
closest observed value under LCD (+0.001), and ES is approximately recovered under LCD
and DF. ESD is among the closest to the baseline for the ESC (−0.001), MC (−0.001), and
RC (−0.003). Although the MARC remains challenging, its closest observed value under
LCD (−0.019) is much closer to the baseline than most values observed at the 10% budget
in Table 2, indicating improved stability as more labels become available. Method-level
refactorings in Table 3 also exhibit stronger recovery and reduced sensitivity to strategy
choice. MSD slightly exceeds the baseline for the EM (+0.001) and also has the closest
observed value for the PUM (+0.003), while ES is closest to the baseline for the RM (+0.002).
For the IM and PDM, LCD gives the closest recovery to the PL baseline (−0.004 and −0.003,
respectively), and ESD remains among the closest for the MM (−0.006). The strongest
numerical improvements at this budget appear in the variable-level section of Table 3. DF
improves the IV by +0.031, LCD improves the EV by +0.012 (with DF close at +0.011),
and MSD achieves a gain for the RVWA (+0.036), with MS also showing a positive result
(+0.026).

At the 50% labeling budget (Table 4), many DAL strategies are close to or slightly
exceed the PL baseline, and positive ∆F1-score values become more common across class-,
method-, and variable-level refactorings. At the class level, performance differences are
generally small (often within ±0.005), with several gains above baseline (e.g., EC under
RS/BALD/BIM/DF, EI under DF), while ES shows the highest observed value for the
MARC (+0.010), indicating that strategy choice may still matter for harder tasks but less so
for easier ones. A similar trend appears at the method level: the highest observed values
are obtained by the ES for the EM (+0.002), IM (+0.014), and MM (+0.003); ESD for the PUM
(+0.008); LCD for the RM (+0.004); and MS for the PDM (+0.006), while the EMM remains
difficult but is slightly improved under DF (+0.005). Variable-level refactorings also show
multiple gains (e.g., EV with MSD +0.008, IV with LC/MSD/ESD +0.014, RV with ES
+0.006, and RVWA with ES +0.036), but the PV remains below baseline for all strategies
(best observed value: BIM at −0.006), suggesting persistent task-specific difficulty that may
require improvements beyond sample selection.

Overall, the results in Tables 2–4 suggest that uncertainty-based strategies (ES, LC, and
MS) and their dropout-enhanced variants (LCD, MSD, and ESD) tend to show relatively
consistent numerical performance across budgets and refactoring granularities, although
these trends are descriptive and were not established as statistically significant across the
full acquisition process. Moreover, the results suggest that DAL can serve as a practical
strategy for reducing labeling cost in refactoring prediction while maintaining predictive
effectiveness, with some cases showing slight numerical improvements.

Table 5 summarizes, for each refactoring type, the DAL strategy with the highest
observed performance (BestDAL) at the 10%, 25%, and 50% labeling budgets. In the table,
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PL (F1) denotes the PL baseline, and F1@10/F1@25/F1@50 denote the actual F1 values
achieved by BestDAL at the 10%, 25%, and 50% labeling budgets, respectively. Overall, the
table shows a clear numerical trend of improvement as the labeling budget increases, with
many refactoring types approaching or, in some cases, slightly exceeding the PL baseline
by 25–50%. At 10%, most best observed results remain below the PL baseline, although
some refactoring types already show encouraging early performance; difficult cases such
as the MARC, however, remain relatively low despite improvement. By 25%, many best
observed F1 values move closer to, and in some cases slightly exceed, the PL baseline,
especially for several variable-level refactorings. At 50%, many class- and method-level
tasks reach F1 values that are close to or slightly above the PL baseline, suggesting that
half-budget labeling can often provide comparable effectiveness. Across refactoring types,
uncertainty-based and dropout-enhanced strategies (ES, LCD, MSD, and ESD) appear as
frequently as BestDAL, while DF is also competitive in selected cases, indicating that these
strategies tend to show favorable numerical performance overall.

Table 5. RQ1 (Effectiveness): Grand summary of the best-performing DAL strategy (BestDAL) across
refactoring types at labeling budgets of 10%, 25%, and 50% in term of F1-score.

Refactoring Type PL (F1) F1@10 BestDAL@10 F1@25 BestDAL@25 F1@50 BestDAL@50

Class-level
EC 0.938 0.937 ES 0.940 BIM 0.940 RS
EI 0.917 0.902 DF 0.918 LCD 0.919 DF
ES 0.945 0.944 LC 0.945 LCD 0.946 MS
ESC 0.900 0.888 LCD 0.899 ESD 0.901 MS
MARC 0.556 0.632 MSD 0.537 LCD 0.566 ES
MC 0.982 0.977 LC 0.982 ESD 0.981 DF
RC 0.891 0.850 LCD 0.888 ESD 0.890 DF
Method-level
EM 0.891 0.878 ESD 0.892 MSD 0.892 ES
EMM 0.216 0.183 ESD 0.207 LC 0.221 DF
IM 0.606 0.575 MSD 0.602 LCD 0.620 ES
MM 0.788 0.756 ESD 0.782 ESD 0.792 ES
PDM 0.715 0.676 ESD 0.712 LCD 0.721 MS
PUM 0.840 0.817 LCD 0.843 MSD 0.849 ESD
RM 0.881 0.871 ESD 0.883 ES 0.886 LCD
Variable-level
EV 0.090 0.092 ES 0.102 LCD 0.098 MSD
IV 0.297 0.293 LCD 0.328 DF 0.311 ESD
PV 0.246 0.223 ES 0.241 LC 0.240 BIM
RP 0.823 0.810 LCD 0.827 LCD 0.827 LC
RV 0.812 0.793 MSD 0.816 ESD 0.819 ES
RVWA 0.295 0.274 MSD 0.331 MSD 0.331 ES

We performed a ScottKnott ESD [46,47] analysis to statistically compare the perfor-
mance of the evaluated DAL query strategies, and the results assigned all strategies to
the same rank (1.0). This indicates that at the labeling budgets considered, no statistically
significant performance differences were detected among the compared approaches. We
note, however, that this analysis compares strategies at specific operating points rather than
across the full acquisition trajectory. From the perspective of this study, the ScottKnott ESD
outcome is nonetheless favorable as it suggests that the use of DAL can reduce the labeling
effort without causing a statistically detectable degradation in predictive performance at
the evaluated budgets. Accordingly, differences observed among strategies in Tables 2–4
should be interpreted as descriptive numerical trends rather than as evidence of statistically
significant superiority of any particular strategy across all budgets.
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6.2. Labeling Efficiency

Table 6 reports the earliest labeling budget at which any DAL strategy reaches at
least 99% of the PL F1-score for each refactoring type. This criterion is defined using the
F1-score and provides a practically meaningful target corresponding to near-PL predictive
effectiveness. Overall, the results show substantial reductions in labeling effort across all
three refactoring granularities. For class-level refactorings, the 99% threshold is reached
with very small budgets in most cases, including the EC (5%, ESD), ES (5%, KM), MARC
(10%, MSD), MC (10%, LC), and EI/ESC (15%, MS/MSD), corresponding to labeling-
effort reductions of 85–95%; only the RC requires a somewhat larger budget (20%, MSD).
Method-level refactorings are generally more demanding, but DAL still reaches the 99%
threshold with 15% labeled data for the EM and RM (ESD/LCD), 20% for PUM (LCD),
and 25% for the IM, MM, and PDM (LCD/ESD/LCD), while the EMM remains the most
difficult case, requiring 50% labeled data (DF). Variable-level refactorings show more mixed
behavior, with the EV, IV, RP, and RVWA reaching the threshold with only 10–15% labeled
data, RV at 20%, and PV requiring 45% (ES). In several cases (e.g., MARC, EMM, EV, IV,
PV, and RVWA), the achieved F1-score at the reported labeling budget slightly exceeds
the PL baseline, indicating that near-PL or slightly higher predictive effectiveness can
sometimes be obtained with substantially fewer labeled instances. The most practically
relevant results occur at very low labeling budgets. Across many refactoring types, DAL
reaches near-PL performance using only 5–15% labeled data. These results correspond to
labeling-effort reductions of 85–95%, demonstrating that DAL provides its greatest value
in the low-budget regime where manual annotation is most costly.

Table 6. RQ2 (Labeling Efficiency): Labeling requirements to reach 99% of PL performance. We report
the earliest labeling point at which any DAL query strategy matches or exceeds the PL F1-score, along
with the achieved F1-score at that point.

Refactoring Type PL (F1-Score)
% Labeled

to Reach 99% of PL
(Random Sampling)

Best
Strategy

% Labeled
to Reach 99% of PL

(Best Strategy)

Achieved
F1-Score

Saved
Labeling

Effort

Class-level
EC 0.938 10 ESD 5 0.931 95%
EI 0.917 30 MS 15 0.911 85%
ESC 0.900 30 MSD 15 0.897 85%
ES 0.945 20 KM 5 0.938 95%
MARC 0.556 NA MSD 10 0.632 90%
MC 0.982 20 LC 10 0.977 90%
RC 0.891 50 MSD 20 0.888 80%
Method-level
EMM 0.216 NA DF 50 0.221 50%
EM 0.891 40 ESD 15 0.883 85%
IM 0.606 45 LCD 25 0.602 75%
MM 0.788 NA ESD 25 0.782 75%
PUM 0.840 NA LCD 20 0.836 80%
PDM 0.715 NA LCD 25 0.712 75%
RM 0.881 35 LCD 15 0.876 85%
Variable-level
EV 0.090 NA ES 10 0.092 90%
IV 0.297 30 MS 15 0.311 85%
PV 0.246 NA ES 45 0.252 55%
RP 0.823 50 ESD 15 0.817 85%
RV 0.812 NA MS 20 0.810 80%
RVWA 0.295 30 LC 15 0.321 85%

The granularity-level summary in Table 7 further confirms the label-efficiency advan-
tage of DAL by aggregating the labeling needed to reach the target performance across
refactoring levels. Class-level refactorings are the most label-efficient on average, requiring
only 11.4 ± 5.6% labeled data (88.6 ± 5.6% savings), followed by variable-level refactorings
at 20.0 ± 12.6% (80.0 ± 12.6% savings), while method-level refactorings require the largest
labeling budget at 25.0 ± 11.9% on average (75.0 ± 11.9% savings).
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Table 7. RQ2 (Labeling Efficiency): Aggregate labeling requirements to reach 99% of PL performance,
summarized by refactoring granularity. Values are mean ± std across refactoring types in each level.

Granularity Needed% (Mean ± Std) Savings% (Mean ± Std) n

Class-level 11.4 ± 5.6% 88.6 ± 5.6% 7
Method-level 25.0 ± 11.9% 75.0 ± 11.9% 7
Variable-level 20.0 ± 12.6% 80.0 ± 12.6% 6

Overall, the results indicate that the performance gains are primarily driven by the
query strategy’s ability to select ‘hard’ boundary cases. For instance, while the deep
learning model provides a high-dimensional representation of software metrics, the 11.4%
to 25.0% label efficiency reached is a direct result of the DAL selection process as the
baseline required significantly more data to achieve comparable F1-scores.

We further analyzed the learning curve that complements the results in Table 6 by
showing how the selected best DAL strategy evolves across the labeling process and across
various metrics, including accuracy, F1, precision, and recall. As shown in Figures 5–7, the
best DAL strategy generally yields learning curves that improve steadily as the labeling
budget increases, although the degree of agreement among the evaluation metrics differs
across datasets. In several cases, the four metrics are closely aligned, indicating stable
and balanced predictive behavior; this pattern is clearly visible for datasets such as the
EC, EM and MC, where accuracy, F1, precision, and recall have similar performance. A
similar consistent trend can also be observed in some other datasets where the curves
rise smoothly with limited separation between metrics. In contrast, other datasets exhibit
noticeable variation among the metrics, suggesting a less balanced classification behavior.
This is particularly evident for the MARC, EMM, EV, PV, IV and RVWA, where accuracy
and recall tend to remain stronger while precision and F1 lag behind, producing wider
gaps among the curves. Such divergence indicates that for these datasets, good overall
classification coverage does not necessarily translate into equally strong positive-class
discrimination. Overall, the figures show that the effectiveness of the best DAL strategy is
dataset-dependent: some refactoring types exhibit uniformly strong and coherent metric
behavior, whereas others reveal clear trade-offs between precision, recall, and F1.
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Figure 5. Learning curves for the best-performing DAL strategy on class-level refactoring datasets.
Each subplot corresponds to one dataset, and each curve shows the variation in accuracy, F1, precision,
and recall across labeling percentages.
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Figure 6. Learning curves for the best-performing DAL strategy on method-level refactoring datasets.
Each subplot corresponds to one dataset, and each curve shows the variation in accuracy, F1, precision,
and recall across labeling percentages.
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Figure 7. Learning curves for the best-performing DAL strategy on variable-level refactoring datasets.
Each subplot corresponds to one dataset, and each curve shows the variation in accuracy, F1, precision,
and recall across labeling percentages.

6.3. Computational Efficiency

Figure 8 shows the distribution of per-round query time for all evaluated strategies.
The boxplots summarize the median, interquartile range (IQR), whiskers, and outliers
for each strategy. Lower values indicate faster sample selection. The figure highlights
substantial differences in query-time overhead across strategies, with uncertainty-based
methods and random sampling showing low overhead, while clustering- and adversarial-
based methods exhibit much larger variability and extreme outliers.

A clear pattern emerges: query-time overhead varies substantially across strategies,
with differences spanning multiple orders of magnitude. Random sampling (RS) exhibits
the lowest overhead and remains close to zero across rounds, as expected. Uncertainty-
based strategies (LC, MS, and ES) and their dropout-enhanced variants (LCD, MSD, and
ESD) also maintain comparatively low query-time distributions, with compact boxplots and
relatively small spreads, indicating stable and computationally practical behavior. BALD
appears more expensive than standard uncertainty sampling, but its query times remain far
below the most computationally intensive methods. In contrast, clustering- and adversarial-
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based strategies (particularly KM, BIM, and DF) show larger query costs, wide dispersion,
and numerous extreme outliers, indicating that their runtime can become highly variable
and occasionally very large depending on the dataset size. When considered together
with the effectiveness results in RQ1, the boxplot supports the conclusion that LC/ES/MS
and their dropout variants (LCD/MSD/ESD) offer the strongest overall trade-off between
predictive performance and computational efficiency, whereas high-cost strategies may
only be justified in specific cases where their accuracy gains are consistently substantial.

,

Figure 8. RQ3 (Computational Efficiency): Distribution of per-round query time across DAL strategies
over all refactoring datasets and labeling rounds.

Figure 9 presents the mean query time of the DAL strategies across all refactoring
datasets and reveals clear variability across both strategies and refactoring levels. In general,
class-level datasets tend to exhibit lower and more stable query times, whereas method-
and variable-level datasets show higher and more uneven costs. This pattern is consistent
with the differences in dataset scale reported in Table 1, where method- and variable-level
refactorings involve substantially larger instance spaces than class-level refactorings. The
figure also indicates that query time is not determined by dataset size alone but also by
the underlying DAL mechanism. We notice that some strategies remain relatively stable
across most datasets, while others show larger costs on large datasets such as the EM,
RM, and RV at method- and variable-level refactorings. Overall, the heatmap highlights
that computational efficiency is both strategy- and dataset-dependent, and therefore the
predictive gains of DAL should be interpreted together with the query-time overhead
required to obtain them.

Table 8 provides a direct cost-effectiveness view at the 50% labeling budget by summa-
rizing, across refactoring types, ∆F1 and ∆Time (minutes) denote the difference between
each DAL strategy and the PL model (DAL − PL), where positive ∆F1 indicates better
predictive performance and negative ∆Time indicates faster execution. Median and in-
terquartile range (IQR) are reported to summarize central tendency and variability across
refactoring types. The F1 Status and Time Status columns indicate whether the median
performance is better/worse and faster/slower than the PL model, respectively.
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Figure 9. RQ3 (Computational Efficiency): Mean query time (in seconds) for each DAL strategy
across refactoring datasets.

Table 8. RQ3 (Computational Efficiency): Effectiveness–runtime trade-off of DAL strategies at the
50% labeling budget, summarized across refactoring types and measured relative to the PL model
trained on 100% labeled data.

Strategy Median ∆F1 IQR ∆F1 Median ∆Time (min) IQR ∆Time (min) F1 Status Time Status n

ES 0.0019 0.0070 −0.0763 0.6500 Better Faster 20
MS 0.0007 0.0057 −0.0750 0.6673 Better Faster 20
DF −0.0006 0.0051 0.0072 2.3038 Worse Slower 20
LCD −0.0011 0.0106 −0.0835 0.6874 Worse Faster 20
ESD −0.0013 0.0056 −0.0658 0.6717 Worse Faster 20
MSD −0.0018 0.0079 −0.0645 0.6705 Worse Faster 20
LC −0.0022 0.0080 −0.0758 0.6792 Worse Faster 20
BIM −0.0037 0.0081 0.0063 1.0997 Worse Slower 20
KM −0.0063 0.0093 −0.0094 0.2544 Worse Faster 20
RS −0.0070 0.0118 −0.0785 0.6443 Worse Faster 20
BALD −0.0306 0.0252 −0.0658 0.6487 Worse Faster 20

The table shows that ES and MS are the only strategies with positive median ∆F1
(+0.0019 and +0.0007, respectively) while also being faster than the PL model (median
∆Time of −0.0763 and −0.0750 min), making them the strongest Pareto-like choices in this
comparison. Although several other strategies are also faster than PL (e.g., LCD, ESD, MSD,
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LC, KM, RS, and BALD), their median ∆F1 values are negative, indicating a trade-off in
which runtime savings come at some loss in predictive performance; among these, LCD,
ESD, and MSD remain relatively competitive with small median F1 degradation (from
−0.0011 to −0.0018). In contrast, DF and BIM are both slower and worse on median, with
positive median runtime overhead and negative median ∆F1, making them less attractive
under equal-budget conditions.

These results suggest that standard uncertainty-based strategies (ES and MS) provide
the most favorable balance, while dropout-based uncertainty variants remain strong alter-
natives when a slight median F1-score loss is acceptable in exchange for faster runtime.
The table also shows that BALD has the largest median F1 degradation despite being faster
and that RS, although fast, is less competitive in effectiveness than the best uncertainty-
based methods. Overall, the evidence indicates that in large-scale refactoring prediction,
uncertainty-based DAL is the most cost-effective choice at 50% labeling.

7. Practical Implications
The results of this study have direct implications for the practical deployment of

refactoring prediction in real software development workflows. Although the proposed
DAL framework is primarily evaluated as a predictive modeling approach, its intended use
in practice is as a human-in-the-loop decision-support tool rather than a fully autonomous
refactoring mechanism. In this role, the system helps developers identify code entities
that are more likely to require refactoring while reducing the labeling burden needed to
maintain and improve the model over time.

From a scalability perspective, the proposed framework can be deployed incrementally
on large real-world repositories by prioritizing recently changed components, pull requests,
or selected submodules. In an integrated development environment (IDE), the proposed
approach can be incorporated as a lightweight recommendation component. Software
metrics for classes, methods, or variables can be extracted from the current project state or
from recently modified entities, and the trained model can use these metrics to estimate
the likelihood that a given entity requires refactoring. The output can then be presented to
developers as ranked recommendations, for example, through an inspection panel, warning
list, or code-quality assistant. In this setting, the tool does not automatically modify source
code; instead, it highlights candidates that deserve developer attention and leaves the final
decision to the programmer. This integration style is consistent with the practical goal of
supporting refactoring awareness without interrupting normal development activities.

A similar integration can be achieved in continuous integration (CI) pipelines. During
commit validation, pull-request analysis, or scheduled quality checks, the same metric
extraction process can be applied to newly added or modified code entities. The trained
model can then produce a ranked report of components that are likely to benefit from
refactoring. Such reports may be attached to CI artifacts, code review dashboards, or
quality gates, enabling maintainers to inspect potential refactoring needs before technical
debt accumulates further. In this context, the system acts as an auxiliary quality-analysis
layer that complements existing static analysis and code review practices.

An important implication of the proposed framework is the use of developer feedback
as a source of labels. Because DAL focuses on selecting the most informative instances,
developers do not need to label large volumes of data. Instead, the system can query only
uncertain, borderline, or representative entities and ask developers or maintainers to con-
firm whether a suggested refactoring is appropriate. These confirmations or rejections can
then be stored as newly labeled examples and incorporated into subsequent training rounds.
This creates a continuous human-in-the-loop workflow in which the model improves in-
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crementally through targeted expert input. Such a mechanism is especially attractive in
industrial settings, where expert time is limited and annotation cost is a major constraint.

Another practical consideration is that the current framework assumes ideal developer
feedback, where queried instances receive immediate, accurate, and consistent labels. In
real deployment settings, however, annotations may be delayed, uncertain, or inconsistent
across developers, especially when refactoring decisions are subjective or depend on project-
specific conventions. Such label noise may reduce the effectiveness of the active learning
process and could influence which query strategies remain most effective in practice.

In practice, false positives can be reduced in several ways: by using confidence-based
ranking, by setting decision thresholds to favor higher precision, by limiting recommen-
dations to the top-ranked candidates, and by requiring developer verification before any
refactoring action is considered. These safeguards help ensure that the system supports
developers without overwhelming them with noisy alerts or unnecessary interventions.

8. Threats to Validity
We discuss potential threats to the validity of our study following standard empirical

software engineering guidelines.

8.1. Internal Validity

Internal validity concerns whether the observed effects can be attributed to the pro-
posed DAL framework rather than confounding factors. To mitigate this threat, we fixed
all model hyperparameters, training epochs, and preprocessing steps across query strate-
gies. All strategies operated on the same initial labeled set and test split, and differences
arose solely from the query mechanism. Another threat to validity arises from the use
of a fixed parameter configuration across all datasets and DAL strategies. Although this
supports a controlled comparison, it does not establish whether the reported results are
robust to alternative settings of key learning parameters, such as learning rate, dropout
probability, hidden dimension, or number of epochs. Accordingly, the findings of this study
should be interpreted with respect to the selected configuration rather than as evidence of
parameter-invariant behavior.

8.2. Construct Validity

Construct validity relates to whether the chosen metrics and experimental setup
adequately capture the concept of refactoring prediction performance. We evaluated
models using precision, recall, and F1-score, with F1-score selected as the primary metric
due to the severe class imbalance in refactoring datasets.

8.3. Conclusion Validity

Conclusion validity concerns the reliability of the observed results. To reduce random
effects, we used a fixed test set that remained untouched throughout the DAL process
and applied consistent evaluation after each round. Performance trends were analyzed
via learning curves rather than single-point estimates, reducing sensitivity to stochastic
fluctuations in early rounds. A threat to conclusion validity arises from the fact that the
reported results are based on a single experimental run with a fixed random seed. Although
the replication package supports reproducibility of the implementation, it does not by itself
demonstrate robustness against stochastic variation in initialization, data partitioning, or
DAL sampling. Therefore, the observed differences among strategies should be interpreted
with caution as their stability across repeated runs was not explicitly assessed. Future work
should repeat the experiments with multiple random seeds and report summary statistics,
such as mean and standard deviation, to provide a stronger robustness analysis.
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Another threat to conclusion validity arises from the sensitivity of active learning
to the initial labeled set or model initialization. To partially mitigate this threat, all DAL
strategies were evaluated using the same train/test split and initial labeled set, ensuring
that differences among strategies are attributable only to the query mechanism. However,
the experiments were performed using a single run, and future work should repeat the
experiments with multiple runs to ensure the robustness of the results.

8.4. External Validity

A primary threat to the external validity of this study is the exclusive use of Java
projects. While Java is a dominant language in software engineering research and provides
a mature ecosystem for refactoring tools, our findings may not fully generalize to languages
with different paradigms, such as Python or C++. Although the datasets used in our evalu-
ation cover multiple granularities, the specific coding styles and project characteristics in
Java codebases may influence the performance of the DAL strategies. Consequently, the re-
sults should be interpreted as a demonstration of DAL’s potential within the Java ecosystem
rather than a universal performance guarantee across all development environments.

Another threat to external validity is that the study relies only on static software
metrics and does not consider richer code representations, such as AST-based features, code
embeddings, or historical change patterns. Therefore, the findings should be interpreted
as applying to metric-based refactoring prediction, and the relative effectiveness of DAL
strategies may differ when using richer semantic or higher-dimensional representations.

A potential threat to external validity arises from dataset bias in refactoring prediction
since the instances may reflect project-specific characteristics, coding conventions, and
historical development patterns. In this study, evaluation was conducted using an instance-
level 80/20 train–test split rather than a strict cross-project protocol. Therefore, the reported
results demonstrate effectiveness within the observed data distribution, but they do not
fully establish generalization to entirely unseen projects. Future work should investigate
cross-project settings, such as leave-one-project-out evaluation, to better assess robustness
and generalizability. Moreover, because DAL was evaluated on an under-sampled training
pool, the observed label-efficiency and relative strategy behavior may not fully generalize
to the original imbalanced setting.

Another threat to external validity is that all DAL strategies were evaluated using the
same feed-forward neural network. Although this supports a controlled comparison of
the query strategies, the reported behavior should be interpreted as specific to this neural
tabular setting and may differ for other model families, such as tree-based, graph-based, or
transformer-based approaches.

9. Conclusions and Future Work
Refactoring recommendation and opportunity prediction can support maintenance

planning and technical debt management, yet adoption of refactoring recommendation
systems in practice is often constrained by the cost of obtaining high-quality labeled data.
In this paper, we investigated a DAL pipeline that combines a deep neural classifier with
pool-based query selection to prioritize the annotation of the most informative software
entities. By iteratively training the model and acquiring labels in a targeted manner, the
proposed approach aims to substantially reduce the labeling effort needed to reach strong
predictive performance.

The experimental results across multiple refactoring datasets and granularities indicate
that DAL is an effective strategy for label-efficient refactoring prediction. In particular, we
observed that competitive performance can be reached with a small fraction of labeled
data, requiring, on average, only 11.4% labeled instances for class-level prediction, 25.0%
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for method-level prediction, and 20.0% for variable-level prediction. These findings trans-
late into large reductions in annotation demand (approximately 75–89% labeling savings,
depending on granularity) while in several settings achieving performance comparable to,
or occasionally exceeding, the fully supervised baseline trained on the complete labeled
set. Overall, these outcomes suggest that DAL can enable practical deployment scenarios
where extensive manual labeling is infeasible.

From a practical standpoint, our evaluation also highlights an important effectiveness–
efficiency trade-off among acquisition functions. Uncertainty-driven strategies (e.g., least-
confidence, margin, and entropy) and their Bayesian approximations based on MC-dropout
were among the most favorable choices across the evaluated budgets, and they tend
to incur modest query-time overheads. In contrast, diversity- and adversarial-oriented
strategies may impose substantially higher computational costs during selection, which
can limit their practicality in time- or resource-constrained settings. These observations
imply that for many real-world scenarios, uncertainty-based DAL constitutes a strong
default configuration.

Despite these promising results, several limitations should be considered. Our study
relies on datasets derived exclusively from Java projects and utilizes static software metrics
as input features; consequently, the observed performance and sampling behaviors may
not directly generalize to other programming languages. Additionally, our evaluation
focuses on pool-based DAL; alternative configurations, such as stream-based selection or
human-in-the-loop workflows with richer feedback mechanisms, remain to be explored.
Moreover, all DAL strategies in this study were evaluated using the same feed-forward
neural network as the common base learner; as such, the reported findings characterize
DAL behavior within this neural tabular setup and may not generalize to other strong
model families.

A key direction for future research involves validating these results using cross-
language datasets to confirm whether the query strategies identified as most effective in
this work maintain their performance across different programming ecosystems. Future
efforts should involve evaluating the DAL pipeline on datasets from diverse sources and
languages, such as C++ or Python, to assess its robustness against varying software metric
distributions. Furthermore, examining projects across multiple programming languages
will help generalize our findings regarding the application of the DAL framework. Another
promising avenue is the integration of these models into developer-facing refactoring tools
to study human factors, trust, and end-to-end productivity impacts. In addition, future
work should extend the empirical comparison beyond the feed-forward neural backbone
used here by evaluating the same DAL query strategies on other strong model families,
such as tree-based ensembles, graph-based models, and transformer-based approaches, to
determine whether the effectiveness–efficiency patterns observed in this study generalize
across different predictive backbones. To facilitate reproducibility and follow-on research,
we have provided a replication package including the datasets, implementations, and
scripts necessary to reproduce the experiments presented in this paper.
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