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Abstract—Code smells are structural flaws in the source code 

that have a detrimental effect on readability, maintainability, 
and dependability. To address these challenges we proposed a 
hybrid model using ML classifiers with attention-based Feed-
forward Neural Network. In this work, we applied five Machine 
Learning classifiers are SVM (Support Vector Machine), KNN 
(K-Nearest Neighbors), LR (Logistic Regression), DT (Decision 
Tree), RF (Random Forest), two feature selection techniques are 
RFECV(Recursive Feature Elimination with Cross-Validation) 
and Information gain on different datasets namely DC(Data 
Class), FE(Feature Envy), GC(God Class), LM(Long Method). 
To enhance the performance and reduce the overfitting-
underfitting issues we applied two optimization techniques are 
Bayesian Optimization and Grid Search while applying 
Information Gain feature selection technique. For deeply 
analyzing trained the model with attention-based FNN (Feed 
Forward Neural Network). Experimental outcome shown that 
our proposed model obtained the highest accuracy on Long 
method dataset, 99.69% by using SVM, RF classifiers and 
Information gain with Bayesian optimization technique. Also 
achieved the accuracy, 99.68% for RF, DT, LR classifiers with 
RFECV feature selection technique on the same dataset. 

Index Terms—Code smell, Attention mechanism, Machine-
learning, Deep-learning, Feature selection technique, 
Optimization technique. 

I. INTRODUCTION 

Software maintenance is one of the most expensive 
stages of software development. Bad design decisions and 
structural problems that are ingrained in the source code 
make maintenance much harder to perform and build up 
technical debt. Code smells, introduced by Fowler, are 
symptoms deriving from underlying design problems and 
they do not necessarily lead to failures but produce 
mediocre quality software that is hardly maintainable. Smell 
detectors based on machine learning (ML) frequently have 
large feature dimensionality and poor generalization since 
they rely on source-code metrics. Although explainability is a 
problem, deep learning (DL) models are able to grasp non-
linear patterns. Thus, hybrid models that combine the 
representational capability of DL architectures with the 
advantages of deterministic ML classifiers are required. Prior 
studies have predominantly relied on tree-based machine 
learning classifiers, doesn’t incorporate attention mechanisms 
which are well-suited for modeling dependencies and 
highlighting the most relevant features and focused primarily 
on predictive performance metrics such as accuracy, 
precision, and recall, while overlooking computational 
aspects such as timing efficiency. To overcome these 

challenges this, work proposed a hybrid model. The main 
contribution of this paper is - 

• Developed a hybrid model based on machine learning and 
deep learning model 

• Investigated the role of attention mechanisms in capturing 
feature dependencies in order to enhance predictive 
performance for code smell detection. 

• Evaluated computational efficiency alongside predictive 
performance by analyzing time of each method, thereby 
assessing their suitability for real-world adoption in 
software engineering workflows. 

This work provided three research questions to 
demonstrate this contribution, which will be assessed in the 
results section. This paper is assembled as follows: Section II 
provides a literature review. Section III illustrates a smarter 
hybrid model. Section IV evaluates the results and 
performances. Finally, allusions to upcoming works are 
included in the works conclusion. 

II. LITERATURE REVIEW 

The literature presents diverse approaches aimed and 
several methods that researchers have investigated at 
detecting code smells during software development. This 
study provides a brief overview of fifteen important works 
from 2021 to 2024. In the year of 2025, Anh et al. 
implemented two types of ensemble features are semantic 
features obtained from pre-trained programming language 
models and structural features. Relying on the type of code 
smell, the findings showed that the suggested model achieves 
cutting-edge results on MLCQ dataset with gained 
ranging from 5.98% to 28.26% [1]. In the year of 2024, 
Sharma et al. present a comprehensive survey of ML 
techniques conducted to source code analysis, highlighting 
how ML has transformed traditional software engineering 
tasks. The most popular classical machine learning 
approaches are SVM, RF, and DT [2]. Pervin et al. presents a 
number of algorithms based on decision trees with Binary 
Relevance, Label Powerset, and multi-label classification 
problem is addressed by Classifier Chain Methods. Proposed 
model achieved the accuracy of 99.54% [3]. In the year 2024, 
the authors proposed Federated Learning to detect the smell 
during development. Fl employed to collaboratively train 
machine learning algorithms. This study achieved the highest 
accuracy, 99% on Pecorelli et al. or Khalid et al. datasets 
[4]. Nasraldeen et al. applied KNN, SVM, DT, XGboost, and 
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MLP that integrates with random oversampling technique. 
XGboost obtained the highest accuracy, 100% on data class 
[5]. Pravin et al. analyzed that Ensemble Learners, Neural 
networks, Bayesian Learners, SVM, DT, Rule-Based 
Learning and Miscellaneous performed better to detect code 
smells [6]. Hamund et al. implemented greedy search and 
backward elimination in python and java which are simpler 
than full stacking ensemble to detect the code smells. 
According to this study, dynamic stacking ensembles which 
are less complex than complete stacking ensembles were able 
to enable the effective and consistent detection performance 
of Python and Java code smells over all base models [7]. 
The authors employed deep learning methods namely 
BLSTM and GRU. Two data balancing methods applied 
namely Tomek links, Random oversampling for GC, FE, DC, 
LM datasets. Both models achieved the highest 
accuracy,100% for long method dataset [8]. In the year of 
2023, Puja et al. suggested a hybrid model that utilized two 
feature selection techniques are the wrapper approach and 
mutual information and used SVM and Grid search to 
identify code smells. This model achieved the accuracy, 99% 
for Azureus BLOB dataset [9]. Shivani et al. applied MI, 
fisher score, and univariate ROC–AUC feature selection 
technique with brute force and RF correlation strategies. 
Experimented on DC, LM, FE and GC code smells and J48, 
JRip, RF, NB, SMO, SVM, and kNN classifiers [10]. 
Seema et al. used the six Ml algorithm, grid search 
optimization, Chi-squared, and wrapper-based feature 
selection strategies to enhance the accuracy [11]. The authors 
implemented ensemble learning algorithms namely Adaboost, 
Gradient boosting, Bagging, XGboosting and Max voting and 
DL algorithms namely ANN and CNN on four datasets. The 
class was balanced using SMOTE. [12]. Nazneen et al. 
implemented four ML classifiers namely SVM, DT, NB, RF. 
In this proposed model SVM with SMOTE performed better 
[13]. Inderpreet et al. employed Bagging and Random Forest. 
Correlation based feature selection using BFS, Info Gain to 
identify code smells and measures accuracy, G-mean1, G-
mean2, and F-measure. The best results are obtained using 
RF and Correlation-based Feature Selection [14]. Maiga et al. 
presented SVMDetect to identify code smell using SVM and 
this model performed better than DETEX [15]. 

III. SMARTER HYBRID MODEL 

Code scent detection requires a combination of 
automated techniques, established design principles, 
teamwork, and in-tuition. Code smells are not errors; rather, 
they are signs of more serious design issues that might make 
code difficult to comprehend, update, or grow over time. To 
develop hybrid machine learning–deep learning models, 
investigate the role of attention mechanisms in capturing 

feature dependencies and enhancing predictive performance 
by applying attention layers within the hybrid framework and 
evaluate the computational efficiency alongside predictive 
performance by analyzing experimental time assessing their 
suitability for real-world adoption in software engineering 
workflows we proposed a smarter hybrid model. The 
proposed model is developed in three stages. Firstly, 
experiments are conducted using the complete feature set. 
Secondly, two feature selection techniques namely RFECV 
and Info Gain are applied to identify the most pertinent 
attributes. A 10-fold cross-validation strategy is employed to 
split the data into training, validation, and testing sets. 
Subsequently, five ML classifiers namely SVM, KNN, DT, 
LR, RF are trained and evaluated. To address overfitting and 
underfitting issues, Bayesian Optimization and Grid Search 
are applied, particularly in conjunction with the Information 
Gain based feature selection. In the final stage, the optimized 
classifier outputs are forwarded to a Feedforward Neural 
Network (FNN) enhanced with a self-attention mechanism. 
The proposed framework produces predictions evaluated 
using training, validation, and testing accuracy, classification 
reports, and computational time efficiency. 

A. Illustration of Dataset and Code Smells 

Datasets derived and analyzed from Fontana et al. [16]. 
Author calculated a wide range of object-oriented metrics 
after choosing 74 systems from 111 different dimensions, 
determined 61 class-level metrics for DC and GC code smells 
and 82 metrics for FE and LM for code smells at the method 
level. To identify code smells, they used a range of 
techniques and tools. Data Class hold data without offering 
sophisticated functionality and that other classes heavily rely 
on. God Class frequently has a lot of code, is complicated, 
uses a lot of data from other classes, and implements a 
variety of features. Feature Envy frequently uses a large 
number of qualities from a few other classes, as well as 
additional characteristics from other classes than from its own 
class. Long method typically uses a lot of data from other 
classes, have a lot of code, are complicated, and are hard to 
grasp [16]. 

TABLE I: Samples and Matrics of Code Smells 

Code 
Smells 

Samples Selected 
Metrics 

Data Class 420 61 
God Class 420 61 
Feature 
Envy 

420 82 

Long 
Method 

420 82 
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Fig. 1. Proposed Smarter Hybrid Model for Code Smell Detection 

B. Method of Feature Selection 

RFECV is a reliable and automatic feature selection 
technique that uses cross-validation and recursive feature 
elimination to determine the ideal number of features for a 
machine learning model [17]. Information Gain /Mutual 
Information is used to quantify the amount of knowledge that 
one variable offers about another. By lowering prediction 
uncertainty, they enhance model accuracy, divide decision 
boundaries, and optimize feature selection [18].Formula of 
Information Gain: 

𝐼𝐺(𝑆, 𝐴) = ∑
|ௌೡ|

|ௌ|௩ 𝐻(𝑆௩)           (1) 

C. ML Classifiers and FNN 

SVM is used to determine the optimal line or decision 
boundary for dividing n-dimensional space so that the 
following data points may be recognized with ease. DT is a 
supervised learning method that may be applied to both 
regression and classification tasks, while it is most commonly 
used for classification. RF supervised ensemble learning that 
integrates the results of several decision trees to generate a 
final prediction that is more precise and reliable. KNN 
classifies a new data point according to the majority class, 
average value, and closeness of its ”K” nearest neighbors in 
the current dataset. LR is designed for binary classification 
problems. It uses a linear combination of input characteristics 
and the logistic (sigmoid) function to estimate the likelihood 
that a data instance belongs to a specific class. A 
Feedforward Neural Network (FNN) is a kind of artificial 
neural network in which there is only one direction of data 
flow from the input layer to the output layer via one or more 
hidden layers and no cycles or feedback connections are 
made. Each layer is made up of neurons that apply a 
nonlinear activation function after applying a weighted linear 
combination of inputs. Because of its ease of use, good 
approximation ability, and computational economy, FNNs are 
frequently employed for classification and regression 
problems. The FNN architecture consists of an output layer 
with one neuron after two dense hidden layers, the first of 
which has 64 neurons and the second has 32. The Adam 
optimizer was used to train the model for 30 epochs with 
a learning rate of 0.001. To guarantee reproducibility, a 
random seed of 42 was employed. Python was used to 
implement each experiment. 

D. 10-Fold Cross Validation 

10-fold Stratified Cross-Validation strategy was 
employed, where the dataset was divided into ten equal folds 
while preserving class distribution. In each iteration, nine 
folds were used for training and one fold for validation. 
This process was repeated ten times, ensuring that every 
sample served as validation data exactly once, and the results 
were averaged to obtain robust performance estimates. 

 
Fig. 2. Feed-forward Neural Network 

E. Optimization Technique 

Bayesian optimization is a potent optimization 
method that effectively determines the minimum (or 
maximum) of an objective function by utilizing the concepts 
of Bayesian inference. When handling costly, loud, or black-
box functions, it works well. Grid search is an optimization 
technique that involves experimenting with several variables 
before selecting the one that yields the highest score. It 
optimizes the hyperparameters by first defining a list of 
values for each hyperparameter that has to be optimized, 
and then training a model for every possible combination of 
these numbers. 

F. Attention Mechanism 

Attention mechanism enables models to flexibly focus on 
the most pertinent portions of the input data by 
giving weights to various input pieces. This improves 
performance by generating context-aware representations 
and overcomes the shortcomings of previous models, such as 
FNN ignoring early information. To calculate attention 
scores, the input is subjected to a tanh activation after a linear 
transformation (xW+b). Normalized attention weights are 
produced by passing the scores through a softmax function. 
The significance of each input element is reflected in these 
attention weights. The input probabilities are multiplied by 



42  Journal of Electronics and Computer Science 
 
 
the weights element by element. A weighted context vector 
(c) is created by adding the weighted values. The final 
classification procedure then makes use of the context vector, 
which highlights the most crucial data. 

IV. EVALUATION OF RESULTS AND PERFORMANCES 

The hybrid model implemented on four datasets are 
Long Method, Data Class, God Class and Feature Envy. To 
complete the full experiment used processor Intel core i3, 
windows 11 version, RAM 4GB and operating system 64-bit. 
Performance evaluated by obtaining training accuracy, 
validation, and testing accuracy, classification reports, and 
computational time efficiency. 

A. Dataset Preprocessing 

The raw and processed versions of the experimental 
dataset are taken from the Fontana et al. code smell 
repository. The dataset goes through a number of preparation 
stages before the model is trained. To enable supervised 
learning, the class labels are first converted into numerical 
values using label encoding. The best discriminative software 
metrics are then found by performing feature selection using 
two complementary methods: RFECV and Info Gain (mutual 
information). 

B. Research Question 

The suggested model is assessed using the three research 
questions, RQ1, RQ2 and RQ3. Describing the performance 
of these questions below: 

A. RQ1: How can hybrid machine learning–deep learning 
models improve anti-pattern detection compared to 
traditional approaches? 

ML / Tree-based classifiers are simple but cannot always 
capture complex relationships in data. By combining machine 
learning with an attention-based neural network (deep 
learning) create hybrid systems that are better at recognizing 
non linear patterns in software metrics. This makes detection 
more accurate and flexible than using tree-based models / ML 
alone. 

B. RQ2: How does the attention mechanism improve the 
ability of the detection model to capture feature dependencies 
and enhance predictive performance in code smell detection? 

Attention mechanism incorporated with Feed- Forward 
Neural Network to enable dynamic weighting of static code 
metrics. This improves representation learning and code 
smell detection performance by enabling the model to 
prioritize informative features while suppressing less 
relevant ones. 

 

 

 

 

TABLE II: Accuracy of ML-DL Final Output for Long 
Method Dataset 

ML-DL All 
Features 

RFECV INF.G 
B.O 

+ INF.G 
G.S 

+ 

SVM+FNN 97% 99% 
(Selected 
Feature 59) 

99.69% 
(Selected 
Feature 20) 

99.65% 
(Selected 
Feature 20) 

RF + FNN 99% 99.68% 
(S.F 9) 

99.69% 
(S.F 20) 

98% 
20) 

(S.F 

DT + FNN 98% 99.68% 
(S.F 3) 

99% 
20) 

(S.F 97.65%(S.F 
20) 

KNN+FNN 90% 92% 
59) 

(S.F 90% 
20) 

(S.F 88%(S.F 
20) 

LR + FNN 99% 99.68% 
(S.F 10) 

99% 
20) 

(S.F 98.66% 
(S.F 20) 

 
TABLE III: Accuracy of ML-DL Final Output for Feature 
Envy Dataset 

ML-DL All 
Features 

RFECV INF.G 
B.O 

+ INF.G 
G.S 

+ 

SVM+FNN 92% 97% 
(Selected 
Feature 
5) 

99.65% 
(Selected 
Feature 20) 

99.58% Se- 
lected Fea-
ture 20) 

RF + FNN 96% 98% 
6) 

(S.F 95% 
20) 

(S.F 96% 
20) 

(S.F 

DT + FNN 95% 96% (S.F 3) 97% 
20) 

(S.F 96% 
20) 

(S.F 

KNN+FNN 86% 95% (S.F 5) 79% 
20) 

(S.F 83% 
20) 

(S.F 

LR + FNN 94% 98% 
9) 

(S.F 96% 
20) 

(S.F 92% 
20) 

(S.F 

 
TABLE IV: Accuracy of ML-DL Final Output for God Class 
Dataset 

ML-DL All 
Features 

RFECV INF.G 
B.O 

+ INF.G+ G.S 

SVM+FNN 96% 98% 
(Selected 
Feature 13) 

99.63% 
(Selected 
Feature 20) 

99.58% 
(Selected 
Feature 20) 

RF + FNN 98% 98% (S.F 4) 98% 
20) 

(S.F 98% 
20) 

(S.F 

DT + FNN 97% 97% 
40) 

(S.F 97% 
20) 

(S.F 97% 
20) 

(S.F 

KNN+FNN 95% 97% 
13) 

(S.F 98% 
20) 

(S.F 98% 
20) 

(S.F 

LR + FNN 97% 99% 
9) 

(S.F 97% 
20) 

(S.F 98% 
20) 

(S.F 

TABLE V: Accuracy of ML-DL Final Output for Data Class 
Dataset 

ML-DL All 
Features 

RFECV INF.G 
B.O 

+ INF.G 
G.S 

+ 

SVM+FNN 97% 96% 
(Selected 
Feature 16) 

99.64% 
(Selected 
Feature 20) 

99.61 % 
(Selected 
Feature 20) 

RF + FNN 99% 97% 
12) 

(S.F 97% 
20) 

(S.F 97% 
20) 

(S.F 

DT + FNN 98% 99.64% 
(S.F 3) 

94% 
20) 

(S.F 95% 
20) 

(S.F 

KNN+FNN 94% 91% 
16) 

(S.F 97% 
20) 

(S.F 96% 
20) 

(S.F 

LR + FNN 95% 95% (S.F 4) 96% 
20) 

(S.F 96% 
20) 

(S.F 
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Attention acts like a spotlight. It highlights the most 
important 

TABLE VI: Classification Report (Precision, Recall, F1-
Score, Support) of Feature Envy Dataset 

ML-DL All Features RFECV INF.G+B.O INF.G+ 
G.S 

SVM+FNN P-88%, P-99.65%, P-99.69%, P-99.69%, 
 R-86%, R-89%, R-99.68%, R-99.68%, 
 F1-87%, F1-94%, F1- F1-99.63%, 
 S-141 S-28 99.63%, 

S-28 
S-28 

RF + FNN P-94%, P-93%, P-93%, P-93%, 
 R-93%, R-99.62%, R-89%, R-93%, 
 F1-93%, F1-97%, F1-91%, F1-93%, 
 S-141 S-14 S-28 S-28 

DT + FNN P-90%, P-93%, P-92%, P-93%, 
 R-93%, R-93%, R-86%, R-93%, 
 F1-91%, F1-93%, F1-89%, F1-93%, 
 S-141 S-28 S-28 S-28 

KNN+FNN P-85%, P-93%, P-64%, P-69%, 
 R-70%, R-89%, R-82%, R-86%, 
 F1-77%, F1-91%, F1-72%, F1-76%, 
 S-141 S-28 S-28 S-28 

LR + FNN P-90%, P-99.66%, P-96%, P-96%, 
 R-89%, R-93%, R-79%, R-79%, 
 F1-90%, F1-96%, F1-86%, F1-86%, 
 S-141 S-28 S-28 S-28 

 

 

TABLE VII: Classification Report (Precision, Recall, 
F1-Score, Support) of God Class Dataset 

ML-DL All Features RFECV INF.G+B.O INF.G + 
G.S 

SVM+FNN P-95%, P-96%, P-99.67%, P-99.65%, 
 R-93%, R-96%, R-99.65%, R-99.63%, 
 F1-94%, F1-96%, F1-99.63%, F1-99.58%, 
 S-140 S-28 S-28 S-28 

RF + FNN P-96%, P-96%, P-96%, P-96%, 
 R-97%, R-96%, R-96%, R-96%, 
 F1-97%, F1-96%, F1-96%, F1-96%, 
 S-140 S-28 S-28 S-28 

DT + FNN P-96%, P-93%, P-96%, P-93%, 
 R-93%, R-96%, R-93%, R-96%, 
 F1-94%, F1-95%, F1-95%, F1-95%, 
 S-140 S-28 S-28 S-28 

KNN+FNN P-97%, P-96%, P-96%, P-96%, 
 R-86%, R-93%, R-96%, R-96%, 
 F1-91%, F1-95%, F1-96%, F1-96%, 
 S-140 S-28 S-28 S-28 

LR + FNN P-95%, P-99.69%, P-96%, P-99.69%, 
 R-94%, R-96%, R-93%, R-93%, 
 F1-95%, F1-98%, F1-95%, F1-96%, 
 S-140 S-28 S-28 S-28 

features and reduces the influence of less useful ones. In 
this work, attention helps the neural network focus on the 
most important signals from the machine learning classifier. 
It works on the probability outputs of an optimized ML, 
capturing more complex feature relationships. In both cases, 
attention improves prediction by letting the model “pay more 
attention” to what matters most. Working steps of the 
attention mechanism: 

1. Calculate Attention Scores: Score=tanh (input*w+b) 

Softmax of Scores (Attention Weights) 

2. Softmax of Scores (Attention Weights) 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑠௜) =
௘ೞ೔

∑ ௘
ೞೕ

ೕ
                                             (2) 

3. Weighted Inputs: Multiply each probability by its 
attention weight 

 

TABLE VIII: Classification Report (Precision, Recall, 
F1-Score, Support) of Long Method Dataset 

ML-DL All Features RFECV INF.G+B.O INF.G + 
G.S 

SVM+FNN P-92%, P-97%, P-99.67%, P-99.65%, 
 R-96%, R-99.69%, R-99.65%, R-99.63%, 
 F1-94%, F1-98%, F1-99.67%, F1-99.58%, 
 S-140 S-28 S-84 S-84 

RF + FNN P-99%, P-99.63%, P-99.57%, P-99.69%, 
 R-99%, R-99.65%, R-99.59%, R-99.63%, 
 F1-99%, F1-99.58%, F1-99.67%, F1-99.58%, 
 S-140 S-14 S-28 S-28 

DT + FNN P-99%, P-99.67%, P-97%, P-96%, 
 R-98%, R-99.65%, R-99.63%, R-96%, 
 F1-98%, F1-99.57%, F1-98%, F1-96%, 
 S-140 S-28 S-28 S-28 

KNN+FNN P-91%, P-84%, P-79%, P-80%, 
 R-76%, R-93%, R-93%, R-86%, 
 F1-83%, F1-88%, F1-85%, F1-83%, 
 S-140 S-28 S-28 S-28 

LR + FNN P-98%, P-99.69%, P-97%, P-97%, 
 R-99%, R-99.65%, R-99.65%, R-99.58%, 
 F1-99%, F1-99.67%, F1-98%, F1-98%, 
 S-140 S-28 S-28 S-28 

TABLE IX: Classification Report (Precision, Recall, F1-
Score, Support) of Data Class Dataset 

ML-DL All Features RFECV INF.G+B.O INF.G + 
G.S 

SVM+FNN P-96%, P-93%, P-93%, P-93%, 
 R-94%, R-96%, R-99.65%, R-99.69%, 
 F1-95%, F1-95%, F1-97%, F1-97%, 
 S-140 S-28 S-28 S-28 

RF + FNN P-99.57%, P-99.69%, P-93%, P-93%, 
 R-97%, R-93%, R-99.59%, R-99.63%, 
 F1-99%, F1-96%, F1-97%, F1-97%, 
 S-140 S-14 S-28 S-28 

DT + FNN P-97%, P-99.67%, P-87%, P-90%, 
 R-99%, R-99.65%, R-96%, R-96%, 
     
 F1-98%, F1-99.57%, F1-92%, F1-93%, 
 S-140 S-28 S-28 S-28 

KNN+FNN P-90%, P-84%, P-96%, P-93%, 
 R-93%, R-93%, R-96%, R-96%, 
 F1-92%, F1-88%, F1-96%, F1-95%, 
 S-140 S-28 S-28 S-28 

LR + FNN P-93%, P-90%, P-93%, P-93%, 
 R-94%, R-96%, R-96%, R-96%, 
 F1-94%, F1-96%, F1-95%, F1-95%, 
 S-140 S-84 S-28 S-28 

 

4. Compute Context Vector: Sum of weighted inputs 
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RQ3. How does computational efficiency analysis 
contribute to real-world adoption? 

A model is not useful in real life if it is too slow. Developers 
need quick feedback when writing or reviewing code. This 
hybrid model reports timing for every step (scaling, feature 
selection, training, testing), showing it can run efficiently and 
also measures time while using more advanced optimization 
(Bayesian tuning). This proves that the models are not just 
accurate, but also fast enough to be practical in real-
world tools like IDEs or CI/CD systems. Table X and fig: 4 
shows the computational efficiency of proposed model. To 
prove a model accurate, efficient, scalable, practical, its need 
to know timing efficiency. From fig 4, time complexity was 
not observed here, even after the heavy weighted model was 
developed. 

 
Fig. 3. Working steps of Attention Mechanism 

 
Fig. 4. Timing Summary of Data Class by using RFECV 

TABLE X: Experimental Training Time of This Model 
for Feature Envy Dataset. 

Feature 
Envy 

All 
Features 
(train time) 

RFECV 
(train time) 

Information 
gain with 
B.O (train 
time) 

SVM 7.96s 6.49s 5.08s 
RF 6.39s 7.3s 8.58s 
DT 3.47s 4.87s 31.7s 
KNN 4.63s 5.43s 5.73s 
LR 5.4s 5.81s 5.9s 

TABLE XI: Comparison between Proposed Model and 
Previous Existing Model 

Authors Dataset Method Accuracy (%) 
Seema et al. FE Max Voting 91.45% 
Proposed Model FE SVM+FNN 99.65% 

V. CONCLUSION 

This paper presented a smarter hybrid model by using 
five machine learning classifiers are namely Support Vector 
Machine (SVM), Logistic Regression (LR), Decision 
Tree (DT), K-Nearest Neighbor (KNN), and Random Forest 
(RF), two feature selection techniques are namely Recursive 
Feature Elimination with Cross-Validation and Information 
gain on Fontana et al. datasets are Data Class, God Class, 
Feature Envy, Long Method. Applied two optimization 
techniques: Bayesian Optimization and Grid Search. Self 
Attention Mechanism applied in Feedforward Neural 
Network. This model performs better on Long Method 
dataset by achieving highest accuracy, 99.69% by using 
SVM, RF classifiers and Information gain with Bayesian 
optimization technique. This framework offers a promising 
direction for automated software quality assessment. Future 
research will focus on incorporating source code embedding, 
multi-label detection, and automated refactoring 
recommendations. 
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