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ABSTRACT

In this study, the effects of reducing the number of features or classes and creating new features 
on the model success criteria were examined. For this purpose, the parameters that will max-
imize the model success of the models built with k-nearest neighbor algorithm, naive bayes 
algorithm, support vector machine, random forest algorithm, boosting, decision trees, artifi-
cial neural networks algorithms for the selected dataset were investigated and the model with 
the best performance was determined. In order to determine the best model, the Wilcoxon test 
was applied to all algorithm results evaluated on the same layers. To provide a more balanced 
evaluation, weighted classification report was generated and additionaly model accuracy val-
ues were obtained by applying SMOTE. All the results obtained were evaluated together and 
the best performed model was determined. Visualization of the data was plotted based on the 
two features with the highest impact on the model. Firstly the effects of supervised and un-
supervised dimensionality reduction technique, such as principal component analysis, linear 
discriminant analysis, neighbourhood components analysis, non-negative matrix factoriza-
tion, on the model performance were examined; then a method was proposed that calculates 
fuzzy set number and membership degree of each feature, and adds them to the dataset, and 
effects of using it together with dimensionality reduction methods on model success were ex-
amined. As a result of the analysis, it was observed that applying the proposed technique to the 
dataset before reducing it to two dimensions using the principal component analysis enhanced 
performance of all algorithms.

Cite this article as: Kanbay F, Göksu M. The effects of the feature reduction by machine learn-
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INTRODUCTION

The importance of designing and analyzing artificial 
learning experiments has become even more evident as 

data mining methods have become increasingly widespread 
in many different fields such as robotics, medical diagnosis, 
biometrics and finance, thanks to the developments in the 
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field of artificial learning in recent years [1]. In data mining, 
to make classification using a small number of features (a 
subset of features or combining features) allows us to better 
understand the process that produces this data, saves the 
cost required for measuring and obtaining an unnecessary 
input, and makes training the model easier by reducing 
the complexity of the model [1]. For this purpose, feature 
extraction and feature decomposition algorithms can be 
used. However, feature construction method which builds 
new features from the existing features in the dataset can 
be useful to maximize the model performance [2]. Vouk et 
al. [3] in their work give a summary of feature construc-
tion approaches and divide them into tree categories such 
as operator based feature construction, methods embedded 
into automat M.L. and feature interactions. Hummel in his 
work mentioned the different methods whose a common 
component is the use of additional values for involving 
uncertainty concepts in evidential reasoning. Moreover, 
fuzzy set theory presented by Zadeh [4] has been applied 
in practice in various disciplines such as data processing, 
decision support and others [5-17]. For example, the fuzzy 
set theory applied to multi attribute analysis by Bellman 
and Zadeh [18]. Bezdek developed fuzzy cluster method 
[19]. Fuzzy Multiple Attribute Decision Making Methods 
can be examined in [20]. Fuzzy soft set theoretic approach 
to decision making problems were studied [15,21]. Zadeh 
presented a mathematical basis the concept of linguistic 
variable whose values are words or sentences in natural 
or artificial language [22]. In [23], methods for measuring 
amount of information provided by a linguistic summary 
were discussed; the use of linguistic summaries as a tool for 
representing knowledge in data was suggested. After Yager 
many researcher studied on linguistic summary. Herrera 
and Martinez presented a model composed by a pair of val-
ues called 2 tuple (a linguistic term and a term) [14, 24]. 
Ranking fuzzy numbers is often a necessary step in many 
mathematical models [16]. There are several studies on the 
fuzzy versions of machine learning algorithms and classifi-
cation methods: [9-10, 12, 25-34]. Der-Chiang Li and et al. 
mention that having too many features makes data analy-
sis inefficient, while too few reduces model stability, and 
define a fuzzy logic-based transformation on the features 
using class labels [35]. Fuzzy sets are used in feature selec-
tion with the ability to handle uncertain and in complete 
data [36]. Unsupervised feature reduction algorithm is pro-
posed by developing the fuzzy improved approximation set 
method for mixed data [37]. By defining a fuzzy learning 
ensemble system, unnecessary information is reduced and 
computational efficiency is increased [38]. Fuzzy rough 
approximation is used to extract the most important fea-
tures from the low resolution image [39]. A new distance 
definition is made to measure the difference between 
nominal features and two feature algorithms based on this 
distance are proposed [40]. Dimensionality reduction tech-
niques are used in many different areas [41-43]. The rest 
of the paper is structured into three parts. Firstly, the data 

description and the accuracy scores of some machine learn-
ing algorithms are presented. Secondly the number of fea-
tures are reduced by using the feature reduction and feature 
decomposition methods. So the classification can be illus-
trated in the plane. Moreover the effects of reducing of the 
number of the classes are examined. In last part, in order to 
enhance accuracy of the model, as a novel approach, fuzzi-
fication method is utilized.

MATERIALS AND METHODS

Model Accuracy According to Machine Learning Algorithms
In this study, Python tools, including scikit-learn, 

Numpy, Pandas, Matplotlib, Seaborn, XGBoost were used 
within Jupyter Notebook to analyze a dataset consisting of 
5 features with 403 samples and no missing data [44,45]. 
Dataset named ’User Knowledge Modeling’ obtained 
from Ph.D. Thesis uploaded from the UCI Machine 
Learning Repository used for the empirical analysis of 
machine learning algorithms (https://archive.ics.uci.
edu/) [46]. Kahraman et al. designed a model. The rea-
son for designing this model is to disseminate adaptive 
smart instructional technology applications, as well as to 
enable knowledge space models to be developed without 
the support of software developers and to prevent stu-
dents from getting lost in the hypermedia environment. 
This designed system has been tested. When the experi-
mental analysis tool, which can make fourteen different 
pedagogical evaluations at the same time, was applied. 
The accuracy of following the pages related to an instruc-
tional goal of the students using the intelligent learning 
system was much higher than the users of the traditional 
teaching application [47]. It is the real dataset about the 
students’ knowledge status about the subject of Electrical 
DC Machines. The inputs of the dataset (five features): 
Students degree of study time related to learning objects 
(STG), number of repetitions grade (SCG), user informa-
tion performance (PEG) and degree of study time related 
to the student’s prerequisite subjects (STR), the learning 
percentage (LPR) are classified as the knowledge levels 
of students (UNS) defined four different classes: high, 
medium, low and very low [48]. Mathematical models 
were built and the results were visualized using following 
machine learning algorithms with Python tools [44,45,49]. 
The model hyperparameters were determined using a grid 
search on dataset split into %80 train %20 test. Using these 
optimized hyperparameters the model’s performance was 
then evaluated on the entire dataset via 5-fold cross val-
idation. By using k nearest neighbour algorithm (KNN) 
that classifies a query point with the majority vote of its 
nearest neighbors in training dataset, the results obtained 
with different metrics (Minkowski distance, Euclidean 
distance and Manhattan distance) are visualized in Figure 
1. So Figure 1 shows that the highest accuracy score of 
KNN is 88%.
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In addition, the accuracy score of the Naive Bayes algo-
rithm, which enables the classification of unlabeled data by 
using the conditional probability function for labeled data 
is 87.59%; the accuracy score of the Decision Trees algo-
rithm is 93% with the best parameters {‘criterion’: ‘gini’, 
‘max_depth’: 4, ‘max_features’: None, ‘splitter’: ‘best’}. The 
accuracy score of the Random Forest algorithm is 93.3% 
with the best parameters { ’criterion’: ’entropy’, ’max_ depth’: 
4, ’max _features’: None, ’n_estimators’: 200 }. The accuracy 
score of Adaboost with the best parameters {’learning_
rate’: 3, ’n_estimators’: 400 } is 82.71%, the accuracy score 
of XGboost with the best parameters {’learning _ rate’: 1, 
’max_depth’: 2, ’n_estimators’: 300 } is 93.82%. The accu-
racy score of Support Vector Machines, which classifies 

the data points marked on the plane by leaving them at the 
maximum distance for both classes with a line to be drawn, 
with the best parameters { ’C’: 100, kernel=’linear’ } is 96.02 
%. The accuracy score of the Artificial Neural Networks 
(ANN) classifier is 93.7% with the best parameters {‘activa-
tion’: ‘tanh’, ‘hidden_layer_sizes’: (4,), ‘learning_rate’: ‘con-
stant’, ‘solver’: ‘lbfgs’}. The accuracy score of the Logistic 
Regresyon is 95.78% with the best parameters {‘C’: 100, 
‘class_weight’: None, ‘max_iter’: 150, ‘penalty’: ‘l1’, ‘solver’: 
‘saga’}. The results obtained can be summarized in Figure 2.

Model success was measured using various algorithms 
on the dataset, with ’accuracy’ selected as the model per-
formance criterion. Among all models, the highest perfor-
mance was achieved with Support Vector Machines (SVM), 

Figure 1. The accuracy score of KNN Model according to the number of neighborhoods.

 

Figure 2. Model accuracy score according to classifiers.
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as shown in Figure 2. Correct detection was made except 
for all but 11 out of a total of 403. The confusion matrix is 
shown in Figure 3.

Additionally, after stratified 30-fold cross validation (to 
increase the statistical power of the Wilcoxon test by obtain-
ing by observations) the Wilcoxon test results comparing 
the sequential performance of the algorithms trained at 
each layer are presented as a Wilcoxon heat map in Figure 
4. To determine the statistical significance of differences 
between two independent paired samples, p-values less 
than 0.05 and 0.01 were marked with * and ** respectively 
in Figure 4. These markings indicate the extent of difference 
between the performances of the two algorithms [50,51]. 
Since Naive Bayes and KNN perform worse than others, 
and while logistic regression and SVM perform better than 
others, they have more markings than others.

In order to provide a more balanced evaluation, the 
weighted classification metrics-computed using cross val-
idation results from the previous stage and considering the 
class distribution- are given in Table 1. The last column of 
the table represents the accuracy obtained after applying 
the SMOTE technique [52].

In this regard, the algorithm with the highest model 
success was Support Vector Machines.

THE EFFECTS OF THE FEATURE SELECTION 
AND FEATURE EXTRACTION ON MODEL 
ACCURACY REDUCING THE NUMBER OF 
FEATURES 

The random forest algorithm was applied identify 
the features that have little effect on the model. The 
importance ranking of the features were obtained using 

the random forest algorithm as the following form in 
Figure 5. Working with a dataset that includes variables 
of different importance allows for elaboration during the 
analyses.

In feature selection process, the number of features was 
reduced based on importance ranking obtained from the 
random forest algorithm, Using the most important three 
features the Support vector machines (SVM) model with 
the optimized parameters {’C’:17, kernel=’linear’} achieved 
95.2% accuracy, when two most important features were 
used the SVM model with the optimized parameters {’C’:5, 
kernel=’rbf ’} achieved 95%. So the model is visualized on 
the plane in Figure 6.

In the feature extraction process, when the number of 
features was reduced to three by using LDA, the accuracy 
score of the SVM model with the parameters {’C’:17, ker-
nel=’poly’} was 96.0%, When the same operations were 
repeated using SVM with three and two features after 
applying NCA, the model accuracy scores with {’C’:3, ker-
nel=’rbf ’} were found to be 97.7%. After applying Principal 
Component Analysis (PCA), SVM model with three 
features and the parameters {’C’:1000, kernel=’linear’} 
achieved 78.1% accuracy; SVM model with two features 
and the parameters {’C’:1000, kernel=’rbf ’} achieved 74.9% 
accuracy. After applying NMF, when the processes were 
repeated using SVM with three features and the parameters 
{’C’:4, kernel=’poly’}, the accuracy was 72.7% , and while 
the model for two features with the parameters {’C’:3, ker-
nel=’rbf ’} achieved 71.4% accuracy.

Reducing the Number of Classes 
When the number of classes was reduced to two 

classes such as lower middle and upper middle, the SVM 

Figure 3. Support vector machine model confusion matrix.
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Table 1. Weighted classification metrics and model accuracy after applying SMOTE

Model Weighted
precision

Weighted
recall

Weighted
f1_score

Weighted
accuracy

SMOTE
accuracy

Logistic regression 0.9700 0.9630 0.9612 0.9584 0.9655
Random forest 0.9428 0.9377 0.9322 0.9213 0.9402
SVM 0.9726 0.9657 0.9646 0.9668 0.9582
Naive bayes 0.9176 0.8985 0.8943 0.9029 0.8886
KNN 0.9131 0.9076 0.9000 0.885 0.8952
Decision tree 0.9339 0.9258 0.9207 0.9118 0.9133
XGBoost 0.9498 0.9476 0.9424 0.9376 0.9479
AdaBoost 0.2796 0.4739 0.3391 0.4952 0.5406
ANN 0.9629 0.9527 0.9518 0.9559 0.9529

Figure 4. Wilcoxon p-value heatmap.
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model with five features and the parameters {’C’: 1000, 
kernel=’linear’} yielded 98.7% accuracy. Moreover the 
number of features reduced by considering the order of 
importance in the random forest algorithm, the model 
with three features and the parameters {’C’: 17, ker-
nel=’linear’} yielded an accuracy of 98.5%; while the 
model with two features and the parameters {’C’: 4, ker-
nel=’linear’} achieved an accuracy of 98.5%. When the 
number of classes was reduced to two classes such as lower 
middle and upper middle and the number of features was 
reduced, model accuracy with {’C’: 0.1, kernel=’rbf ’} for 
two classes and three features was 98.5%; for two classes 
and two features with {’C’: 1000, kernel=’rbf ’} was 91.3%. 
Reducing the number of features to two means dividing 
the data into two regions on the plane, both linearly as 
seen in Figure 7 and curvilinearly as seen in Figure 8.

Feature Construction on Fuzzification
This section aims to develop a flexible modeling 

approach that uses statistical quantities of feature distri-
butions, as opposed to classical fuzzy approaches. Similar 
data-driven approaches have been discussed in the litera-
ture under the term adaptive fuzzy partitioning, and it has 
been observed that they improve performance by better 
representing uncertainty in the data [53]. 

Xmxn denotes the dataset consisting of m observation 
with n features (here m = 403, n = 5 ). Ymx1 is a matrix con-
sisting of labels. We denote the labels as a matrix Y with one 
column. So the ith row of Xmxn represents the ith unlabeled 
observation of the dataset as xi = (xi1, xi2, …, xin). When 
the fuzzification process is applied on each pth columns of 
the dataset: xp = (x1p, x2p, …, xmp) which represents pth fea-
ture, we get two new features such as membership degree 

Figure 8. Visualization of the two-classes model on the data 
plane using SVM with an RBF kernel.

Figure 7. Visualization of the two-classes model on the data 
plane using SVM with a linear kernel.

Figure 6. Visualization of the four-classes model on the 
data plane using two features.

Figure 5. The order of importance of the variables deter-
mined by the random forest algorithm.
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Xp Fuzzy and fuzzy class number Xp FClass for p = 1, 2, .., n. 
Here, the fuzzification process given by the following steps 

For each pth column of the dataset Xp = (x1p, x2p, …, xmp) 
for p = 1, 2, .., n.

Step 1. decide the boundaries of the fuzzy sets such as 
[β]1p, [β]2p, [β]3p according to the statistical quantities of the 
feature. ([β]1p is standart deviation of the variable Xp; [β]2p 
and [β]3p denote the mean value of the variable Xp)

Step 2. generate the fuzzy sets using following formulas 
for i = 1, 2, .., m

	 	
(1)

	 	
(2)

	 	
(3)

Step 3. Calculate

	 	 (4)

and 

	 	 (5)

Step 4. add two columns to the dataset Xmxn matrix (Xp 
Fuzzy to the dataset matrix as an entry xi(n+p); Xp FClass to 
the dataset matrix as an entry xi(n+p+1) in the ith row, (n+p)th; 
(n+p+1)th columns of the data matrix, i = 1, 2, .., m)

Step 5. apply steps 1 to 4 for every p value and obtain the 
new data matrix Xmx(3n) ( note: if it is necessary, the steps may 
be applied for only one feature column and obtained the new 
data matrix Xmx(n+2) or the steps may be applied for only k fea-
ture columns so the new data matrix Xmx(n+2k) will be obtained) 

Step 6. build the machine learning model with the new 
data matrix and label matrix Y

From Step 2, when membership functions of the five 
features are calculated separately, for each feature Fuzzy 
sets are obtained as Figure 9-13. Here, the lines named low, 
medium and height were obtained with μ1p, μ2p, μ3p formu-
las defined in step 2.

The steps are applied on each feature, we obtain fol-
lowing results: When the fuzzification is applied on STG, 
the model accuracy score with {’C’: 100, kernel=’linear’} is 
94.8%. If STG is dropped from the new dataset, we get the 
accuracy score as 95.0% with {’C’: 100, kernel=’linear’}. 
When the fuzzification is applied on SCG, the model accu-
racy score with {’C’: 17, kernel=’linear’} is 95.55%. If SCG is 
dropped from the new dataset, we get the accuracy score as 
93.81% with {’C’: 150, kernel=’linear’}. When the fuzzifica-
tion is applied on STR, the model accuracy score with {’C’: 
100, kernel=’linear’} is 94.79%. If STR is dropped from the 

Figure 11. Fuzzy sets and Membership degrees of the fea-
ture LPR.

Figure 10. Fuzzy sets and Membership degrees of the fea-
ture SCG.

Figure 9. Fuzzy sets and Membership degrees of the feature 
STG.
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new dataset, we get the accuracy score as 95.05% with {’C’: 
1000, kernel=’linear’}. When the fuzzification is applied on 
LPR, the model accuracy score with {’C’: 4, kernel=’linear’} is 
95.05%. If LPR is dropped from the new dataset, we get the 
accuracy score as 95.05% with {’C’: 5, kernel=’linear’}. When 
the fuzzification is applied on PEG, the model accuracy score 
with {’C’: 17, kernel=’rbf ’} is 96.78%. If PEG is dropped from 
the new dataset, we get the accuracy score as 85.60% with 
{’C’: 17, kernel=’rbf ’}. When the fuzzification is applied on all 
features, adding fuzzy set labels and membership degrees to 
the dataset at the same time, The model accuracy score with 
{’C’: 3, kernel=’linear’} is 95.05%.

It was taken into consideration that the proposed 
approach, which aims to reduce uncertainty in the original 
feature space, could operate compatibly with unsupervised 
dimensionality reduction methods such as PCA, as PCA 
reduces inter-feature correlations and projects the data into a 
lower-dimensional space. By applying this approach, uncer-
tainty in feature distributions is reduced, thereby enabling 
PCA to extract more informative components. Accordingly, 
the fuzzification process was applied prior to PCA.While the 
data is reduced to two dimensions using PCA, Table 2 shows 
the performance of all algorithms observed when the tech-
nique is applied or not applied before PCA.

To investigate the effects of applying fuzzy transfor-
mation before PCA on model performance, a data leak-
age-preventing processing algorithm, as shown in Figure 
14, was implemented. All preprocessing steps were per-
formed strictly within the inner loop of a stratified nested 
cross-validation framework to avoid any optimistic bias. 
The impact of the fuzzification module on classification 
performance was evaluated under two different conditions, 
with the module enabled and disabled, and visualized using 
a box plot. The results of evaluating the obtained F1 scores 
using a paired t-test, Hodge-Lehmann estimation, and 
Cohen’s d test are given in Table 3.

Table 2. The effect of applying to the proposed technique to the data before reducing it to two dimensions applying PCA 
on the model’s performance

Method Accuracy
4D → 2D
via PCA

Accuracy
4D → 2D
via FUZY+PCA

Accuracy
3D → 2D
via PCA

Accuracy
3D → 2D
via FUZY+PCA

Logistic Regression 0.6604 0.7117 0.5974 0.7558
Random Forest 0.6476 0.7217 0.6580 0.8357
SVM 0.6604 0.7190 0.6075 0.7686
Naive Bayes 0.6622 0.6879 0.5902 0.7340
KNN 0.6503 0.7441 0.6113 0.8653
Decision Tree 0.6069 0.6666 0.6053 0.7641
XGBoost 0.5844 0.6582 0.5639 0.8276
AdaBoost 0.3849 0.3761 0.3895 0.3917
ANN 0.7049 0.7413 0.6282 0.7941

Figure 13. Fuzzy sets and Membership degrees of the fea-
ture PEG.

Figure 12. Fuzzy sets and Membership degrees of the fea-
ture STR.
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Table 3. Statistical comparison of F1 scores with the fuzzification module enabled and disabled using a paired t-test, Hodg-
es-Lehmann estimation, and Cohen’s d

Model Paired t_p Hodges-Lehmann Cohens d
SVM 0.021 0.112 1.658
Random forest 0.002 0.170 3.423
XGBoost 0.005 0.153 2.525
Logistic Regression 0.643 0.006 0.224
KNN 0.003 0.241 2.972
Naive bayes 0.423 -0.052 -0.398
DT 0.037 0.236 1.374
ANN 0.054 0.058 1.205

Figure 15. Effect of the fuzzification module on F1-score performance, illustrated using box plot.

Figure 14. Proposed nested pipeline, showing how fuzzy preprocessing and PCA ordering are applied within inner and 
outer loops.
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As shown in Figure 15, in our experiments, when the 
fuzzification module was applied prior to PCA, an increase 
in F1-scores was observed in all classifiers except NB. The 
consistency of these results was further confirmed by the 
paired t-test, Hodges-Lehmann estimation, and Cohen’s 
analysis [54,55]. The outcomes are summarized in Table 3.

Table 3 shows that the Hodges-Lehmann median dif-
ferences are positive, and Cohen’s d values for the SVM, 
Random Forest, XGBoost, KNN and Decision Tree mod-
els, indicating that the fuzzification module significantly 
impacts the F1 scores. In contrast, no statistically signifi-
cant effect is observed in the Logistic Regression and Naïve 
Bayes models. 

RESULTS AND DISCUSSION

In this study, which introduces a novel fuzzification-based 
feature construction approach for ML models, the effects of 
feature reduction on the model accuracy score were exam-
ined using supervised and unsupervised methods. When the 
results are compared, it can be seen that reducing the num-
ber of features using supervised feature extraction methods 
has a greater positive impact on the model’s accuracy score 
than reductions based on the importance ranking deter-
mined by random forest algorithm, and unsupervised fea-
ture extraction methods have negative effects on the model 
accuracy score, as they do not use class labels. However 
the proposed unsupervised method has positive effects on 
it. When the membership degrees and the set numbers are 
added as two new features to the dataset by creating the fuzzy 
sets based on the most important feature according to the 
random forest algorithm, the model yields a better accuracy 
score. It has been observed that unsupervised new feature 
construction approach based on fuzzification has a positive 
effect on the accuracy score even though unsupervised fea-
ture extraction methods have negative effects on the model 
accuracy score. Moreover, when the effect of applying the 
proposed technique to the data before dimensionality reduc-
tion was investigated, among all dimensionality reduction 
techniques a noticeable improvement in the performance of 
all algorithms was observed specifically when the data was 
reduced to two dimensions applying PCA. Applying fuzzi-
fication did not have a significant impact on training time 
or memory usage. Using a dataset of 403 samples, proposed 
method has shown its effectiveness, though the small dataset 
limits generalization, it can be generalized to other dataset. 
This results suggest that the applied technique can be recom-
mended as a pre-processing technique and can be applied in 
areas such as image processing.

CONCLUSION

This study investigates the effects of reducing the num-
ber of features or classes and generating new features on 
model performance. Parameters that maximize model 
success were investigated for models created using various 

machine learning algorithms, including k-nearest neigh-
bors, Naïve Bayes, support vector machines, random forest, 
boosting methods, decision trees, and artificial neural net-
works. The Wilcoxon test was applied to compare algorithm 
performances within the same layers and identify statisti-
cally significant differences. In addition, a weighted clas-
sification report was used to ensure a balanced evaluation, 
and model accuracy values were obtained using SMOTE.

The impact of both supervised and unsupervised 
dimensionality reduction techniques on model perfor-
mance was analyzed. Furthermore, a novel fuzzifica-
tion-based feature generation approach was proposed, 
which computes the number of fuzzy clusters, and mem-
bership degrees for each feature and incorporates them into 
the dataset. Experimental results demonstrate that applying 
the proposed method prior to dimensionality reduction, 
particularly before reducing data to two dimensions using 
PCA, generally leads to improvements in the performance 
of most evaluated algorithms.
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