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which reduces clarity and testability. This study provides a controlled comparative

evaluation of four automated detection approaches: rule-based lexicons, classical
machine-learning models with TF-IDF features, a fine-tuned DistilBERT transformer, and a
feature-level hybrid model that concatenates rule-based linguistic indicators with DistiIBERT
contextual embeddings on the same manually annotated dataset of 985 requirements,
including 259 subjective and 726 objective items, and 165 unverifiable and 820 verifiable items.
All models used identical preprocessing, an 80:20 stratified train-test split, and the same
evaluation metrics. The rule-based approach achieved a precision of 0.67 and a recall of 0.04
for subjectivity and zero recall for unverifiability. Classical ML models reached F1-scores
ranging from 0.47 to 0.58 (positive class). DistiIBERT obtained weighted F1-scores of 0.74
(subjectivity) and 0.86 (unverifiability). The feature-level hybrid model improved subjectivity
detection to a weighted F1-score of 0.79 while matching DistilBERT at 0.86 for unverifiability.
These results demonstrate that combining explicit linguistic cues with contextual embeddings
improves detection performance under class imbalance.
Keywords: Requirement Smells; Subjectivity Detection; Unverifiability Detection;
Transformer-Based Models; Hybrid Machine-Learning; DlstllBERT
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Introduction:

The most widely used form of specifying software requirements is through natural
language (NL) because of its flexibility, expressiveness, and readability to all stakeholders who
may have varying levels of knowledge of the technical requirements [1]. Although these
benefits are well recognized, NL requirements are susceptible to quality issues that may lead
to misunderstandings, rework, high costs of development, and system failures. Empirical
research in requirements engineering has shown that defects introduced during the
requirements phase are among the most costly to rectify, and studies on requirements quality
and the prevalence of requirement smells further support this observation [2][3][4]. As a result,
the quality of natural language requirements remains a significant research challenge [5]. In
order to cope with this problem, research in requirements engineering focuses on the detection
and prevention of linguistic quality problems, which are commonly referred to as requirement
smells. Requirement smells are not literal errors but indicators of likely flaws in a specification
to likely flaws in a specification; they point out sections of a specification that could contravene
the desired quality attributes like clarity, objectivity, and testability [6]. Ambiguity in
requirements has been studied as a fundamental linguistic phenomenon with multiple
interpretations rather than a single concrete defect [7]. Among the various requirement smells
discussed in the literature, subjectivity and unverifiability are particularly critical due to their
impact on requirement clarity and testability. Unverifiable requirements, on the other hand,
do not have any measurable acceptance criteria and, therefore, cannot be easily or objectively
validated and tested. Both smells contradict international standards (e.g., ISO/IEC/IEEE
29148), which require software requirements to be objective, measurable, and testable [8].
Initial approaches for detecting subjectivity and unverifiability were primarily based on manual
inspection and rule-based linguistic checks. These methods rely on lexical patterns and
linguistic heuristics created based on the knowledge and standards of the experienced linguists
[7][29]. Rule-based techniques are interpretable but rely on surface-level linguistic cues and
typically exhibit low recall, as they fail to capture implicit or contextualized expressions.
Researchers have addressed these limitations by applying classical machine-learning methods
based on bag-of-words and TF-IDF representations [10][11][12]. Although these methods
improve scalability and automation, they rely on surface-level lexical features, which limit their
ability to capture deeper semantic relationships. Recent progress in deep learning and natural
language processing has brought on board the transformer-based language models as an
effective alternative to the analysis of text. Transformer-based architectures such as BERT and
its lightweight variants have demonstrated strong performance in capturing contextual and
semantic information across a wide range of NLP tasks [13], including recent applications for
detecting semantic data smells using transformer-based models [14]. Transformer-based
models used in requirements engineering provide the capability to sufficiently detect implicit
subjectivity and unverifiability when explicit handcrafted rules are not readily applicable.
Nonetheless, purely data-driven models can ignore explicit normative information that is
specified in requirements standards and can be hard to make sense of, which is a crucial factor
in software areas with high safety and quality concerns.

Recent advances in natural language processing have significantly influenced
requirements engineering research [15][16][17], particulatly in the automated detection of
requirement smells. Transformer-based models such as BERT and its variants, built upon the
transformer architecture [18][19], have demonstrated strong capability in capturing contextual
semantics for software engineering tasks [20][21]. Recent studies (2021-2025) have applied
deep learning approaches, including contextual embedding techniques, domain-adaptive
models, and multi-label classification frameworks, to improve the detection of implicit
linguistic defects in requirements [22][23][24][25]. In addition, hybrid approaches that combine
symbolic linguistic knowledge with data-driven models have been explored to enhance both
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detection performance and interpretability [26][27][28][29]. These developments highlight the
importance of context-aware and integrated representations for identifying subtle requirement
quality issues. Despite recent advances in automated detection of requirement smells using
rule-based, machine-learning, and transformer-based approaches, several limitations remain.
Existing studies often focus on individual detection paradigms in isolation or target specific
types of requirement smells without providing a unified comparison. Furthermore, many
approaches rely either on surface-level linguistic features or purely contextual representations,
without systematically integrating both within a single learning framework. In addition, limited
work has evaluated these approaches under a unified experimental setup using the same
dataset, preprocessing pipeline, and evaluation metrics, particularly for subjectivity and
unverifiability detection. Therefore, a clear gap exists in the absence of controlled comparative
evaluation of rule-based, classical machine-learning, transformer-based, and hybrid
approaches for detecting subjectivity and unverifiability under identical experimental
conditions.

Research Objectives: The main objectives of this study are as follows:

A controlled comparative evaluation of rule-based, classical machine-learning,
transformer-based, and feature-level hybrid approaches for detecting subjectivity and
unverifiability in natural language software requirements using a unified dataset and evaluation
protocol.

The incorporation and evaluation of a feature-level hybrid approach that integrates
rule-based linguistic indicators with transformer-based contextual embeddings within the
comparative experimental framework.

An empirical analysis of detection performance under class imbalance, using precision,
recall, and F1-score metrics, provides insight into the behavior of different paradigms across
both subjectivity and unverifiability tasks.

A reproducible experimental setup that ensures fair comparison across methods by
maintaining consistent preprocessing, dataset, and evaluation conditions.

Research Questions: In an attempt to operationalize such objectives, the research questions
are as follows:

RQ1: What is the difference between rule-based, classical machine-learning, and transformer-
based methods in finding subjectivity and unverifiability in natural language software
requirements?

RQ2: What is the effect of feature-level hybridization on detection behavior when there is an
imbalance in classes? The primary contribution of this work is the evaluation of a feature-level
hybrid model integrating linguistic indicators and contextual embeddings, along with a
comprehensive comparative analysis of multiple detection approaches for identifying
requirement smells.

To address the defined research questions, a controlled experimental design is adopted
in which all detection approaches are evaluated under identical conditions using the same
dataset, preprocessing pipeline, and train—test split. Research Question 1 (RQ1) is addressed
by comparing the performance of rule-based, classical machine-learning, transformer-based,
and feature-level hybrid approaches using precision, recall, and Fl-score metrics. These
metrics provide a quantitative basis for analyzing differences in detection capability across
models.

Research Question 2 (RQ2) is addressed by examining the performance of the feature-
level hybrid model in comparison to other approaches under class imbalance conditions. The
use of weighted F1-score, along with class-wise precision and recall, enables evaluation of
detection behavior across imbalanced classes. This experimental setup ensures that each
research question is directly linked to measurable evaluation criteria.

November 2025 | Vol 7 | Issue 11 Page | 77



OPEN (5 ) ACCESS

International Journal of Innovations in Science & Technology

Materials and Methods: This study evaluates multiple detection paradigms under a
controlled experimental setup using a unified dataset and evaluation framework.
Dataset Description:

The dataset used in this study consists of 985 natural language software requirements,
each annotated for two requirement smells: subjectivity and unverifiability. The dataset
includes 259 subjective and 726 objective requirements, as well as 165 unverifiable and 820
verifiable requirements, indicating class imbalance in both classification tasks. The dataset is a
curated collection compiled from publicly available requirement examples and datasets
commonly used in requirements engineering and machine-learning research.

Some requirements include source indicators (e.g., “ERTMS”), suggesting their origin
from real-world specification documents [3][30]. All requirements were manually annotated
following established definitions of requirement smells in the literature. Subjectivity refers to
opinion-based or qualitative expressions (e.g., “user-friendly,” “efficient”), whereas
unverifiability refers to requirements that lack measurable or testable criteria, such as missing
quantitative thresholds or acceptance conditions. To ensure consistency, predefined
annotation guidelines based on these linguistic characteristics were applied uniformly across
the dataset.

Although formal inter-annotator agreement metrics are not reported, the annotation

process follows standardized definitions widely adopted in prior work. This makes the dataset
suitable for controlled comparative evaluation of automated approaches under consistent
experimental conditions.
Proposed Methodology: This section outlines the general approach for detecting subjectivity
and unverifiability in natural language software requirements. To allow a fair comparison of
the various detection paradigms, such as rule-based, classical machine-learning, transformer-
based, and hybrid methodologies, the proposed methodology adheres to a controlled and
systematic experimental design. The overall workflow of the proposed approach is illustrated
in Figure 1.

The process begins with dataset preparation and preprocessing, where textual

requirements are normalized to ensure consistent input across all models. Following
preprocessing, four detection paradigms are applied in parallel: rule-based detection, classical
machine-learning models using TF-IDF features, a transformer-based model (DistilBERT),
and a feature-level hybrid model. In the hybrid approach, rule-based linguistic indicators are
combined with contextual embeddings generated by the transformer model to form a unified
feature representation. All models are trained and evaluated using the same dataset,
preprocessing pipeline, and train—test split to ensure a fair comparison. The outputs of each
approach are then evaluated using precision, recall, and F1-score metrics to analyze detection
performance.
Preprocessing: Following dataset preparation, all requirements are processed to ensure
consistent input across all models. Preprocessing includes text lowercasing, removal of
extraneous whitespaces, and basic text normalization. Aggressive linguistic preprocessing
techniques such as stemming and lemmatization are intentionally not applied. This decision is
motivated by the use of transformer-based models, which rely on contextual and subword
tokenization mechanisms that preserve semantic and syntactic information in the original text.
Applying stemming or lemmatization may alter word forms and reduce contextual richness,
potentially affecting the performance of such models. Additionally, maintaining the original
lexical structure ensures consistency across all evaluated approaches, enabling a fair
compatison between rule-based, classical machine-learning, and transformer-based methods.
This design choice supports the controlled experimental setup and allows performance
differences to be attributed to the models rather than variations in preprocessing.
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Figure 1. Overall Experimental Framework
Rule-Based Detection: The rule-based approach is used as a benchmark for the
identification of explicit linguistic signs of subjectivity and unverifiability. The subjectivity is
determined on the basis of pre-defined lists of adjectives that are expressed in opinion and
words of ambiguity that are usually used in the requirements engineering literature, including
easy, user-friendly, and efficient. To formalize the rule-based detection process, a lexicon-
driven scoring mechanism was employed. A predefined dictionary of subjective and
unverifiable terms (e.g., user-friendly, efficient, fast, adequate) was constructed based on prior
literature and manual inspection of the dataset. Each requirement R; is represented as a

sequence of tokens {wy’ Wy...» Wy, }. A subjectivity score is computed as:
Z;.lzl I(w; € L)
S(R) = "

where L denotes the lexicon of subjective terms, and I is an indicator function that
returns 1 if the token belongs to the lexicon and 0 otherwise.
Similarly, an unverifiability score is defined as:

n
Z}.zln(wj €L,
n

URy) =

where Ly, represents the set of unverifiable terms.
A requirement is classified as subjective or unverifiable if the corresponding score
exceeds a predefined threshold 6:
1, ifS(R;) > 050t U(R;) >0,
Label(R;) = { .
0, otherwise
In this study, threshold values 85 and 8, were empirically determined through
preliminary experiments on a validation subset of the dataset. This formulation provides a
consistent and reproducible mechanism for identifying vague or unverifiable expressions and
represents a generalized abstraction of the rule-based detection process implemented in this
study. Unverifiability is detected by identifying vague or qualitative terms that appear without
associated quantitative constraints (e.g., “fast” or “sufficient”). The existence of numerical
values, units, or measurable constraints is identified with the use of regular expressions. A
requirement that contains vague expressions but lacks measurable criteria is classified as
unverifiable. Although such a strategy is clear and can be read, it is conservative and limited
to explicit surface-level cues, resulting in low recall.
Model Selection Rationale: The reason why the methods of detection were chosen in this
research is that it covers a representative range of paradigms that are predominantly employed
when researching requirements engineering. The rule-based approach falls under the
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interpretable baseline, which is based on known heuristics in the linguistics domain. TF -IDF
representations using classical machine-learning models are statistical baselines and are
popularly used in text-detection tasks. DistilBERT is chosen as a transformer-based model
because it simultaneously allows capturing contextual semantics and has a lower computational
cost than larger transformer models like BERT. Lastly, the feature-level hybrid model aims to
investigate how the idea of combining symbolic linguistic knowledge and contextual
embeddings within a unified learning framework.

Classical Machine-Learning Models: To establish statistical baselines within the
comparative framework, classical machine-learning models are implemented using TF-IDF
representations of the requirements text. In this approach, each requirement is transformed
into a high-dimensional feature vector using Term Frequency-Inverse Document Frequency
(TF-IDF), capturing the relative importance of terms within the corpus. Three supervised
classifiers are considered: Logistic Regression, Linear Support Vector Machine (SVM), and
Random Forest. These models are selected due to their established effectiveness in text
classification tasks and their suitability as baseline approaches in requirements engineering
research. Each model is trained separately for subjectivity detection and unverifiability
detection to ensure task-specific evaluation. To address class imbalance in the dataset, class
weighting is applied during training, assigning higher importance to minority classes. This
enables more balanced learning and prevents bias toward the majority class. Within the
controlled experimental setup, these models provide a statistical baseline for comparison with
rule-based, transformer-based, and feature-level hybrid approaches. However, their reliance
on surface-level lexical features limits their ability to capture deeper semantic and contextual
relationships, which are often necessary for identifying implicit subjectivity and unverifiability
in natural language requirements.

Transformer-Based Model: A transformer-based model is employed to capture contextual
and semantic information using DistiIBERT, a lightweight version of BERT that provides a
balance between performance and computational efficiency. DistilBERT is trained using a
binary classification setup for each task, where subjectivity detection and unverifiability
detection are modeled independently. This ensures consistency with classical machine-learning
models and maintains a controlled comparison across all approaches under identical
experimental conditions. A lightweight transformer architecture is practically applicable and
lowers training and inference expenses compared to larger transformer models. All the
requirements are tokenized with the DistilBERT tokenizer and truncated or padded to a fixed
length. The contextual representation of the [CLS] token is passed to a classification layer to
generate predictions. The model is trained using binary cross-entropy loss with logits, and
predictions are obtained using a threshold-based decision rule.

Feature-Level Hybrid Model: The architecture of the feature-level hybrid model is
illustrated in Figure 2, showing the integration of rule-based features with transformer-based
contextual embeddings. The hybrid model combines rule-based linguistic indicators with
contextual embeddings based on transformers at the feature level. Rule-based features that
describe the existence of subjective words, expressions that cannot be verified, and
quantitative constraints are obtained for each requirement. These symbolic features are
concatenated with the contextual embedding that is generated by DistiIBERT. The combined
feature vector is then fed to a classification head in the classification layer. In contrast to
decision-level fusions, such feature-level fusion enables the model to learn the relative
weighting of symbolic and contextual information during training. The design integrates rule-
based interpretability with transformer-based semantic expressiveness, to create a more robust
detector even in the face of class imbalance.
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Figure 2. Feature-Level Hybrid Model
Experimental Setup and Hyperparameter Configuration: To ensure reproducibility and
fair comparison, all models are evaluated under a controlled experimental setup using the same
dataset, preprocessing pipeline, and stratified train-test split. The dataset is divided into
training and testing sets using an 80:20 ratio with a fixed random state of 42, preserving class
distribution for both subjectivity and unverifiability labels.
For classical machine-learning models, TF—IDF vectorization is applied using both

unigram and bigram features (n-gram range = (1,2)), with a maximum of 5000 features and
English stop-word removal. Logistic Regression is configured with L2 regularization, a
maximum of 1000 iterations, and the ‘liblinear’ solver. The Linear Support Vector Machine
(SVM) is implemented using a linear kernel with class balancing. The Random Forest classifier
is configured with 200 decision trees and class weighting to address class imbalance. All
classical machine-learning models are implemented using a binary classification setup for each
task, where subjectivity detection and unverifiability detection are modeled independently.
This ensures consistency with the transformer-based and feature-level hybrid approaches and
supports a controlled comparison across all models.

The DistilBERT model is fine-tuned using a maximum sequence length of 128 tokens,
with input sequences padded or truncated accordingly. The model is trained for 4 epochs using
a learning rate of 2 X 1075, a batch size of 16, and the AdamW optimizer. Binary cross-
entropy loss with logits is used for binary classification in each task, and a threshold of 0.5 is
applied for prediction.

For the feature-level hybrid model, contextual embeddings from DistiiBERT are
concatenated with rule-based linguistic features, including indicators for subjective terms,
unverifiable expressions, and the presence of numerical constraints. The combined feature
representation is passed through a fully connected classification layer with a dropout rate of
0.3. The hybrid model is trained using the same hyperparameter settings as the transformer-
based model to ensure a fair comparison.

The rule-based baseline is implemented using predefined lexicons for subjective and
unverifiable terms, along with regular expression patterns to detect numerical constraints.
Predictions are generated based on the presence of these linguistic indicators. All models are
evaluated under identical experimental conditions without cross-validation, ensuring that
performance differences are attributable to model characteristics rather than variations in
training configuration.

Due to class imbalance in both subjectivity and unverifiability tasks, the weighted F1-
score is considered the primary evaluation metric for performance comparison. Fl-score for
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the positive (smell) class is reported as a complementary measure to assess detection capability
for minority classes.

Results and Discussion:
This section presents the experimental results of the rule-based baseline, classical
machine-learning models, transformer-based model, and the proposed feature-level hybrid
model. All models were evaluated under identical conditions to ensure a fair comparison.
Figure 3 illustrates the comparative performance of all evaluated models across
subjectivity and unverifiability detection tasks, highlighting the improvements achieved by the
transformer-based and hybrid approaches.
Table 1 summarizes the performance of all evaluated models for subjectivity and
unverifiability detection under a controlled experimental setup.
The rule-based baseline achieves a precision of 0.67 and a recall of 0.04 for subjectivity
detection, and a recall of 0.00 for unverifiability detection, indicating very limited capability in
detecting minority (smell) classes.
Classical machine-learning models using TF-IDF representations achieve noticeably
higher F1-scores than the rule-based baseline. For subjectivity detection, these models attain

F1-scores ranging from 0.47 to 0.58 (compared to 0.07 for the rule-based approach).

Table 1. Results

Model Smell Class Precision | Recall fjc-)re Eﬁiﬁﬁzd
Feature-Level Subjectivity gll?al]eeccttllifeeol 82: 822 822 079
[ty (St |0 T T
DisilBERT- | Sublectivity glli)]]zcctil‘ifeeol 8:23 8:23 8:21 074
B [ty [t 10 T T
B e B SN
Rl ey
IIDE | Sejetiiy et o8| 0s | 0] 7
Regression Unverifiability Eiﬁgzsz?e 1 823_) 82; 822 0.87
e L v o - o M
b ot |y [t om0 Lo,
Rule-Based Subjectivity gllgieccttlzfeeol 83 83491 82? 065
T e ma

For unverifiability detection, Logistic Regression achieves the highest F1-score of 0.58

(compared to 0.00 for the rule-based baseline). In terms of weighted F1-score, Linear SVM
(0.75 for subjectivity) and Logistic Regression (0.87 for unverifiability) outperform the
Random Forest model (0.68 and 0.84, respectively). The transformer-based DistiBERT model
achieves weighted Fl-scores of 0.74 for subjectivity and 0.86 for unverifiability, performing
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comparably to the best classical machine-learning models (e.g., 0.87 weighted F1 by Logistic
Regression for unverifiability).

The feature-level hybrid model further improves performance, achieving a higher
weighted Fl-score of 0.79 (versus 0.74 for DistiIBERT) for subjectivity detection while
maintaining the same weighted F1-score of 0.86 for unverifiability. This suggests improved
robustness under class imbalance conditions. The confusion matrix shows that the rule-based
approach yields a high number of false negatives, particularly for subjectivity and
unverifiability.

Transformer-based and hybrid models substantially reduce false negatives, although
some misclassification remains for requirements containing vague qualifiers without
measurable criteria. The experimental findings directly address the defined research questions.

= Subjectivity 0.87 0.85 0.86 0.86
mmm Unverifiability 0.84

0.8 q

4
o
\

Weighted F1-score
o
IS

0.2 4

0.0 -
Rule-Based TF-IDF + LR TF-IDF + 5VM TF-IDF + RF DistilBERT Hybrid (Proposed)

Figure 3. Comparison of Results.

Regarding RQ1, the results demonstrate clear performance differences across
paradigms. Classical machine-learning models achieve F1-scores ranging from 0.47 to 0.58 for
subjectivity (versus 0.07 for rule-based), while the transformer-based model reaches a weighted
F1-score of 0.74. For unverifiability, classical models achieve F1-scores up to 0.58, whereas
the transformer-based model achieves 0.86 (versus 0.00 for rule-based).

Regarding RQ2, the feature-level hybrid model improves subjectivity detection under
class imbalance, achieving a weighted F1-score of 0.79 compared to 0.74 for the transformer-
based model, while maintaining comparable performance for unverifiability (0.86).
Discussion:

The experimental results demonstrate clear performance differences across detection
paradigms under identical experimental conditions. The rule-based approach, which relies on
predefined lexical patterns, shows limited detection capability, particularly for the minority
classes, as reflected by very low recall values. This confirms that rule-based methods are
conservative and fail to capture implicit or context-dependent expressions of subjectivity and
unverifiability. Classical machine-learning models based on TF-IDF representations achieve
moderate performance improvements, with F1-scores for the positive class ranging from 0.47
to 0.58. These models benefit from statistical learning but remain constrained by surface-level
lexical features, limiting their ability to capture deeper semantic relationships in requirements
text.

In contrast, the transformer-based DistlBERT model demonstrates strong
performance, achieving weighted F1-scores of 0.74 for subjectivity and 0.86 for unverifiability.
This indicates its effectiveness in capturing contextual and semantic information, particularly
for identifying implicit linguistic patterns. However, transformer-based models do not
explicitly incorporate normative linguistic rules defined in requirements engineering standards,
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which may limit interpretability in safety-critical applications. The feature-level hybrid model
further improves subjectivity detection, increasing the weighted F1-score from 0.74 to 0.79,
while maintaining comparable performance for unverifiability (0.86). This improvement
suggests that combining rule-based linguistic indicators with contextual embeddings enables
the model to leverage both explicit domain knowledge and contextual understanding. The
integration of symbolic and contextual features allows the hybrid model to better handle class
imbalance and detect subtle subjective expressions.

Despite these findings, several limitations should be acknowledged. The dataset
consists of 985 requirements collected from publicly available sources, which may introduce
domain-specific bias and limit generalizability to industrial settings. The absence of formal
inter-annotator agreement restricts the ability to quantify annotation consistency. Additionally,
the use of a single train-test split limits the assessment of performance variability compared to
cross-validation approaches. Transformer-based and hybrid models also require higher
computational resources, introducing a trade-off between performance and efficiency.

From a practical perspective, the results suggest that transformer-based and hybrid
approaches can significantly enhance automated requirement quality assessment, particularly
in large-scale environments where manual inspection is costly. The inclusion of rule-based
features in the hybrid model also supports interpretability during requirement validation. From
a research perspective, the findings highlight the effectiveness of feature-level hybridization
and provide a foundation for extending this approach to additional requirement smells such
as ambiguity, inconsistency, and completeness. Future work may explore larger and more
diverse datasets, incorporate cross-validation, and investigate explainability techniques to
further improve robustness and interpretability.

Conclusion:

This study presented a controlled comparative evaluation of rule-based, classical
machine-learning, transformer-based, and feature-level hybrid approaches for detecting
subjectivity and unverifiability in natural language software requirements under identical
experimental conditions. The results demonstrate consistent performance differences across
detection paradigms, with transformer-based models outperforming rule-based and classical
approaches in capturing contextual semantics. The proposed feature-level hybrid model
improves subjectivity detection by combining rule-based linguistic indicators with contextual
embeddings, while maintaining strong performance for unverifiability detection. These
findings highlight the importance of integrating symbolic and contextual information to
enhance detection performance, particularly under class imbalance conditions.

Opverall, this study provides a unified experimental framework for evaluating
requirement smell detection approaches and demonstrates the effectiveness of hybrid
modeling strategies. Future work may extend this framework to additional requirement smells,
evaluate performance on larger datasets, and incorporate explainability techniques to further
improve interpretability and practical adoption.
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