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 This paper presents a novel hybrid fuzzy logic approach for the classification 

of thyroid disease. Hybrid fuzzy logic approaches have brought many 

benefits to the medical data classification problems such as reasoning on 

uncertain or incomplete data. The machine learning algorithms had been 

used with the fuzzy expert systems to define the fuzzy rule base. The 

optimization techniques had been used in the fuzzy expert systems for 

optimizing the fuzzy membership functions and fuzzy rules. Enhancing the 

machine learning algorithms and optimization techniques that are integrated 

with the fuzzy logic method can improve the overall performance of the 

fuzzy expert system. To deal with the curse of dimensionality problem and 

to enhance the integration of machine learning algorithm and fuzzy logic 

method, this paper presents an incremental learning based parallel fuzzy 

reasoning system (IL-PFRS) for medical diagnosis. In this research work, 

the decision tree classifier is used to extract the features from dataset. IL-

PFRS is applied to classify the thyroid disease which is serious disease that 

needs attention and earlier detection. The thyroid disease dataset obtained 

from the UCI machine learning repository is used in this research work 

where the IL-PFRS showed the classification accuracy of 99% when testing 

using this dataset. 
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1. INTRODUCTION 

Being an endocrine gland, the thyroid is located in the inferior, anterior neck and it regulates the 

body's iodine balance in addition to the production and secretion of thyroid hormones. A medical disorder 

known as thyroid illness impacts the action of thyroid gland by preventing the thyroid from producing the 

appropriate quantity of hormones [1]. There are different types of thyroid diseases such as hyperthyroidism, 

hypothyroidism, thyroid cancer [2]. Thyroid disease may result to number of health issues when not treated 

properly at the earlier stage. There are evidences were some of the serious thyroid diseases such as thyroid 

cancer are the main cause of many deaths in the world [3]. Hybrid artificial intelligence (AI) techniques 

based on the machine learning and soft computing approaches are proved to be efficient in various problems 

of medical data classification. This research paper focus on the enhancement of hybrid fuzzy expert system 

for the classification of thyroid disease. Fuzzy logic is a reasoning method that addresses the idea of partial 

truth. In fuzzy logic, a variable's truth value might fall anywhere between 0 (totally false) and 1 (absolutely 

false). In one of our previous research works [4], we presented a parallel fuzzy reasoning approach based on 

https://creativecommons.org/licenses/by-sa/4.0/
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the naïve bayes (NB) algorithm for the classification of diabetes where the NB classifier [5] is used to set the 

fuzzy rules in the fuzzy expert system. In our another research work [6], we presented a blockchain 

technology based multi-agent fuzzy system for the prediction of breast cancer where each fuzzy agent system 

is integrated with different AI classifiers such as decision tree [7], K-nearest neighbor (KNN) [8], BN, 

random forest (RF) [9], and support vector machine (SVM) [10] classifiers. In this research paper, we 

enhance the parallel fuzzy expert systems to get integrated with the incremental learning method and 

investigate its performance on classification of thyroid disease. Some of the other recent research works done 

on application of hybrid fuzzy method for the medical diagnosis are reviewed below. 

Genetic algorithm-based type-3 fuzzy inference system is used in the research work of  

Melin et al. [11] for medical diagnosis. Here, the genetic algorithm is used to identify the parameters of 

membership functions and fuzzy rules. Their proposed system showed the classification accuracy of 75.30, 

87.13, 82.04, 77.76, 71.86, and 71.06 for Haberman’s survival dataset [12], Cryotherapy dataset [13], 

Immunotherapy dataset [14], Pima Indian Diabetes (PID) dataset [15], Indian Liver patient (ILP) dataset 

[16], and Breast Cancer Coimbra dataset [17], respectively.  

A hybrid of adaptive backpropagation neural network and fuzzy logic approach is used for diagnosis 

kidney disease in the research work of Vineetha et al. [18]. In their research work, Chronic Renal Disease 

dataset from UCI machine learning repository [19] is used for testing their proposed system. Their proposed 

system showed a classification accuracy of 98% for classifying the kidney disease.  

The adaptive neuro-fuzzy inference system (ANFIS) is applied for classification of liver disease in 

the research work of Babatunde et al. [20]. The ILP dataset is used for testing their research work. Based on 

their experiments, the ANFIS showed the classification accuracy of 97% for diagnosing the liver disease.  

A hybrid approach based on the fuzzy SVM and biased RF is used for the classification of diabetes 

in the research work of Hao et al. [21]. Here, fuzzy SVM is applied to enhance the SVM classifier and biased 

RF is used to extract the rules for diabetes patients based on the support vectors. In their research work, 

diabetes medical examination data collected by Beijing Hospital (DMED-BH) [21], PID dataset, and China 

health and nutrition survey dataset [22] were used for testing. Their proposed approach showed the 

classification accuracy of 96.92%, 96.84%, and 94.92% for the DMED-BH dataset, PID dataset and CHNS 

dataset, respectively.  

A hybrid approach of fuzzy logic, principal component analysis (PCA), and SVM is used in the 

research work of Gupta et al. [23] for classification of medical datasets. Here, in their proposed approach, the 

fuzzy logic is used to obtain membership function from the dataset, PCA is used to reduce the number of 

input features, and SVM is used for classification. Their proposed method showed the classification accuracy 

of 79%, 87%, 85%, 83%, and 92% for the PID dataset, heart stroke prediction dataset [24], heart failure 

prediction dataset [25], body fat prediction dataset [26], and heart disease dataset [27], respectively. 

The main common research drawback found in the reviewed hybrid fuzzy approaches is the curse of 

dimensionality problem. This problem occurs when a greater number of input variables are used in a single 

fuzzy expert system. When many input variables are used is in the fuzzy expert system, it will lead to a 

complicated fuzzy rile base. Although fuzzy expert system is improved in the reviewed hybrid fuzzy 

approaches by integrating it with the machine learning and AI optimization techniques, there is a research 

challenge to investigate the performance of fuzzy expert system in a parallel architecture when it gets 

optimized by an incremental learning method. 

An incremental learning algorithm which can be also called as a continual learning approach is an 

extension of machine learning methodology where the incremental learning classifier extracts the patterns 

from different datasets in an incremental manner. There are different kinds of incremental learning 

techniques such as task based incremental learning, domain based incremental learning, and class based 

incremental learning techniques [28]. Domain based incremental learning method can be effective for the 

data mining applications in medical diagnosis. Some of the examples of incremental learning classifiers are 

iterative Dichotomize 5 revision [29], learn++ [30], and tree-convolution neural network [31].  

The reviewed hybrid fuzzy approaches investigated the classification of medical data using the 

integration of single fuzzy expert system and machine learning classifiers. But this study investigates the 

performance of the parallel fuzzy systems which are integrated by an incremental learning classifier for the 

classification of medical data. To deal with the curse of dimensionality problem and to investigate the 

integration of fuzzy logic method and incremental learning method, this paper proposes an incremental 

learning based parallel fuzzy reasoning system (IL-PFRS) for the diagnosis of thyroid disease. The SVM 

classifier is enhanced and used as an incremental classifier in IL-PFRS where the incremental SVM classifier 

is based on the stochastic gradient descent (SGD) [32] optimization technique. 

This paper is organized as follows. The section 2 describes about the proposed method.  

The section 3 describes the performance of proposed system for the classification of thyroid disease.  

The section 4 gives conclusion about the research work presented in this paper.  
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2. THE PROPOSED METHOD 

This section describes about the dataset used for the IL-PFRS, the data preprocessing methods 

applied on the dataset, and the proposed IL-PFRS. 

 

2.1.  Dataset and data preprocessing 

Before we discussed about the proposed classification system (IL-PFRS), this sub section describes 

about the dataset used in this research work and the data preprocessing technique applied on it. The thyroid 

disease dataset obtained from UCI machine learning repository [33] is used for testing the IL-PFRS. The 

thyroid disease dataset contains 3772 instances with 29 input attributes and one output attribute. The input 

attributes of thyroid disease dataset are tumor, hypopituitary, thyroxine utilization rates (T4U) measured, 

thyroid stimulating hormone (TSH) measured, age, thyroxine-binding globulin (TBG) measured, sex,  

I131 treatment, query hypothyroid, on thyroxine, triiodothyronine (T3) measured, TSH, query on thyroxine, 

free thyroxine index (FTI) measured, on antithyroid medication, sick, TBG, pregnant, thyroid surgery, 

thyroxine (TT4) measured, TT4, referral source, FTI, query hyperthyroid, lithium, T3, goitre, psych, and 

T4U. The output attribute contains two categorical values: 0 (negative) and 1 (positive). The thyroid disease 

dataset has many missing values which are imputed using the KNN imputation method [34]. 

The decision tree classifier is used to select the best features from the thyroid disease dataset. A 

decision tree model with a hierarchical tree-like structure, comprising a root node, internal nodes, and 

terminal (leaf) nodes is used for classification and feature selection. The directed edges are used to connect 

the decision tree's nodes. The input features of the training dataset are represented by the internal and root 

nodes. The output categories linked to the training dataset are represented by the terminal nodes. In order for 

the internal and root nodes to be divided according to their respective types, there will be specific test criteria. 

Until the decision tree locates every category of the output variable provided in the training dataset, the 

splitting process is repeated. Depending on the kind of attributes, the decision tree algorithm uses the 

attribute test condition. When testing the binary qualities, there are only two possible outcomes. When it 

comes to nominal attributes, the number of unique values connected to the appropriate characteristics 

determines the outputs generated by the test condition. Ordinal attributes allow for the grouping of the 

number of unique values associated with the relevant attributes without violating their property, which could 

result in numerous splits or binary outcomes. When dealing with continuous attributes, the test condition can 

provide numerous splits using distinct ranges of values, or a binary split using a comparison test. 

Several metrics, including entropy [35], Gini impurity [36], and classification error, can be used to 

identify the node that divides the training dataset's samples in the most efficient way. When using the Gini 

impurity measure, the splitting technique selects the node with the lowest value, and when using the 

information gain [37] measure, the splitting procedure selects the node with the highest value. 

Assume that the subset of samples at node x that belong to category j is denoted by s(j|x) and there 

are t number of output categories. With using (1) to (3), respectively, the entropy E(x), Gini impurity G(x), 

and classification error CE(x) measures are determined. 

 

E(x)=-∑ 𝑠(𝑗|𝑥)log2𝑠(𝑗|𝑥)
𝑡−1

𝑖=0
 (1) 

 

G(x)=1-∑ [𝑠(𝑗|𝑥)]2
𝑡−1

𝑖=0
 (2) 

 

CE(x)=1–max
𝑗
𝑠(𝑗|𝑥) (3) 

 

The gain, ∆ formula, which takes into account the impurity value of the parent node and its child 

nodes, can be used to determine the quality of the attribute test condition. In this case, the parent node's 

impurity value is obtained before to splitting, and the child node's impurity value is obtained following 

splitting. When ∆ values are large, the attribute test condition quality is better. Suppose u be the parent node, 

S be the number of samples at the parent node, S (vl) be the number of samples at the child node (v) that 

correspond to the category l, and w be the number of feature values. In (4) describes the information gain, 

∆info. which calculates the quality of the attribute test condition by contrasting the entropy measure values of 

the parent node and its child nodes.  

 

∆info.=E(p)-∑
𝑆(vj)

𝑆
𝐸(𝑣j)

𝑤

𝑙=1
 (4) 

 

Based on the value of Gini impurity measure, the decision tree classifier will be able to select the 

best features from thyroid disease dataset for the IL-PFRS where the features with lower value of Gini 
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impurity measure are consider as more important. The features importance scores for the thyroid disease 

dataset estimated by the decision tree classifier are shown in Figure 1. Five best features were selected from 

the thyroid disease dataset based on the feature importance scores shown in Figure 1. The selected input 

features of the thyroid disease dataset are shown in Table 1. 

 

 

 
 

Figure 1. Feature importance scores for the thyroid disease dataset 

 

 

Table 1. Selected input attributes of the thyroid disease dataset 
Attributes Data type 

On thyroxine Categorical 
TSH measured Categorical 

TSH Continuous 

TT4 Continuous 
FTI Continuous 

 

 

2.2.  The proposed classification system 

The obtained reduced dataset based on the KNN-imputation method and decision tree classifier is 

used to model the proposed classification system: IL-PFRS. The overall architecture of the proposed data 

classification method is shown in Figure 2. The architecture of IL-PFRS is shown in Figure 3. 

 

 

 
 

Figure 2. The overall architecture of the proposed method 
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As shown in Figure 3, IL-PFRS is designed by using two hybrid sub fuzzy systems (HSFSs) in a 

parallel architecture. The two HSFSs: HSFS1 and HSFS2 are implemented based on the Mamdani type fuzzy 

inference approach [38] which involves the following steps. 

a. The implementation of the fuzzy reasoning system starts with the fuzzification process of creating fuzzy 

sets using different kinds of membership functions where the membership degree is assigned between 0 

and 1 for all crisp inputs and outputs. Triangular, trapezoidal, gaussian, and sigmoid MFs are few of the 

frequently utilized membership functions for the fuzzy sets [39]. 

b. In order to facilitate fuzzy reasoning, a fuzzy rule base is created. The fuzzy rule base is made up of 

several rules, each of which has antecedents and consequents that are, respectively, the membership 

functions of the input and output fuzzy sets. The AND, OR operators are used to carry out the fuzzy 

operation between the membership functions of various input fuzzy sets. When the fuzzy rule base is 

executed, the outputs of all declared rules combine to generate a single aggregate output fuzzy set.  

c. The last stage in the fuzzy reasoning system involves computing the crisp output from final aggregate 

output fuzzy set. The centre of gravity method (COG) [40] is one of the effective defuzzification 

techniques that uses (5) to generate the crisp output from the final aggregate output fuzzy set. In this case, 

𝜇𝐽(x) is the membership degree on fuzzy set J. 

 

COG=
∫μJ(x)xdx

∫μJ(x)dx
 (5) 

 

 

 
 

Figure 3. The architecture of IL-PFRS 

 

 

The reduced dataset obtained from the decision tree classifier is divided into two groups. The first 

group of reduced thyroid disease dataset contains the input features: on thyroxine, TSH measured, and TSH. 

The second group of reduced thyroid disease dataset contains the input features: TT4 and FTI. Two dataset 

groups are further divided into training and testing dataset groups, respectively, based on 80:20 ratio. The 

first training dataset group is used to model the HSFS1 and the second training dataset group is used to model 

the HSFS2. The two testing dataset groups are joined as one testing dataset to test the IL-PFRS. Figure 4 

shows the flowchart of HSFS. 
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Figure 4. Flowchart of HSFS 

 

 

2.2.1. Fuzzification in incremental learning based parallel fuzzy reasoning system 

In the each HSFS of IL-PFRS, the gaussian membership functions are used to assign the 

membership degrees in the fuzzy sets which is based on the quartile concept. In (6) illustrates how the mean 

m and standard deviation σ of the fuzzy set J can be used to describe the gaussian membership function for 

any two points on the x-axis. 

 

𝜇𝐽 (x)=exp(−
(𝑥−𝑚)2

2𝜎2
) (6) 

 

For the fuzzification process, initially, the lowest (𝑥𝑚𝑖𝑛) and highest (𝑥𝑚𝑎𝑥) data values of the 

relevant input feature from the respective training dataset are used to determine the bounds of the x-axis in 

input fuzzy sets. Four points (L1, L2, L3, L4) are chosen on the x-axis from the input fuzzy sets: L1 which is the 

median of 𝑥𝑚𝑖𝑛 and earliest quartile value; L2 which is the median of the earliest quartile value and second 

quartile value; L3 which is the median of the second and third quartile values; and L4 which is the median of 

the third quartile value and 𝑥𝑚𝑎𝑥 . Four gaussian membership functions are used to set the membership 

degrees based on the four defined points identified on the input fuzzy sets. L1 is the mean value for the first 

gaussian membership function, and the standard deviation is estimated between 𝑥𝑚𝑖𝑛  and L2. L2 is the mean 

value for the second gaussian membership function, and the standard deviation is estimated between L1 and 

L3. L3 is the mean value for the third gaussian membership function, and the standard deviation is estimated 

between L2 and L4. L4 is the mean value for the fourth gaussian membership function, and the standard 

deviation is estimated between L3 and 𝑥𝑚𝑎𝑥. 

For the input fuzzy set that needs to model the input feature containing categorical data, its x-axis is 

divided into equal number of sections to depict the number of triangle membership functions as per the 

respective categorical data where the x-axis bounds are selected at random from 0 to 100. Each triangle 

membership function on the input fuzzy set represents each categorical data of the respective input feature. 

Similarly, for the output fuzzy set, where the x-axis is divided into two equal sections to depict two triangle 

membership functions, the x-axis bounds are selected at random from 0 to 100. Plotting two triangle 

membership functions on the output fuzzy set represents the thyroid disease dataset's output classes. Figure 5 
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shows the input fuzzy sets and output fuzzy set obtained from the thyroid disease dataset. The output fuzzy 

set is same for both HSFS1 and HSFS2. As seen by (7), the triangle membership function can be represented 

by the three parameters {a, b, c}, which stand for the fuzzy set J's lower limit, peak value, and upper limit, 

respectively, on the x-axis. 

 

𝜇𝐽 (x)=

{
 
 

 
 
0,                if 𝑥 ≤ 𝑎

𝑥−𝑎

𝑏−𝑎
,     if 𝑎 ≤  𝑥 ≤  𝑏

𝑐−𝑥

𝑐−𝑏
,     if 𝑏 ≤  𝑥 ≤  𝑐

0,             if 𝑐 ≤  𝑥

 (7) 

 

 

 
 

Figure 5. Fuzzy sets of IL-PFRS 

 

 

2.2.2. Incremental learning based fuzzy rule base 

An incremental SGD based SVM classifier (SGD-SVM) is used to set the output of each rule in the 

fuzzy rule base of HSFS. SVM is one of the prediction techniques that has been extensively accepted for 

many applications. The curse of dimensionality problem can be handled by using SVM when using the 

dataset with large number of features. Based on the maximal margin hyperplane approach, SVM classifier 

performs classification that can be utilized for both linear and nonlinear data. The training samples of 

datasets are divided into groups using the hyperplanes in accordance with the related class labels as per the 

maximal margin hyperplane technique. While a large number of hyperplanes can be plotted to divide the 

samples, not all of them are effective at categorizing the test samples. When compared to hyperplanes with 

lesser margins, the hyperplane with a higher margin will perform better in classifying the test samples. The 

data points that lie on the boundaries of various data categories are used in the linear kernel based SVM 

classifier to identify a hyperplane that divides the training data points displayed on the feature space into 

distinct categories. These data points which are used to spot the hyperplane are called as support vectors. 

Given the training data, consider the data points (xi, yi). In this case, where i=1, 2, ..., n, xi is the  

n-dimensional vector and yi is the target variable connected to xi. In (8) illustrates how the decision boundary 

works, which is used to segregate the training data points.  

 

𝑤 ∙ 𝑥 + 𝑏 = 0  (8) 

 

In this case, b is the scalar and w is the n-dimensional weight vector. The training phase involves 

computation of the parameters w and b. When a certain type of linear model for the data that are linearly 

separable is identified, the SVM classifier increases the margin of hyperplanes.  

Gradient descent is one of popular optimization techniques that is used to estimate the optimum 

value of cost function in machine learning classifiers. The prediction accuracy of the machine learning 

classifiers can be increased by using proper appropriate parameters which can be identified by using the 

gradient descent method. SGD is a simple yet very efficient approach to optimize the parameters of linear 
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kernel based SVM classifier. The SGD method optimizes the parameter of linear kernel based SVM classifier 

based on the following steps. 

a. At first, the parameters of the SVM model are initialized.  

b. The parameters of the model are tuned based on the learning rate and number of iterations.  

c. The following steps are repeated until the maximum level of iterations is reached.  

− The randomness process is executed by shuffling the dataset.  

− Each batch of dataset are iterated to train the SVM in a shuffled order.  

− The cost function’s gradient is measured based on the weight of the trained SVM classifier.  

− The weights of the SVM classifier are updated.  

− The difference of the cost function between the iteration levels is evaluated.  

− The optimized parameters of SVM classifier are found when reaching the maximum level of iterations. 
d. At first, the parameters of the SVM model are initialized.  

e. The parameters of the model are tuned based on the learning rate and number of iterations.  

f. The following steps are repeated until the maximum level of iterations is reached.  

− The randomness process is executed by shuffling the dataset.  

− Each batch of dataset are iterated to train the SVM in a shuffled order.  

− The cost function’s gradient is measured based on the weight of the trained SVM classifier.  

− The weights of the SVM classifier are updated.  

− The difference of the cost function between the iteration levels is evaluated.  

− The optimized parameters of SVM classifier are found when reaching the maximum level of iterations. 
Suppose v be the instance with a pair (x, y) where x is the arbitrary input and y is the scalar output. The 

weights of the SVM classifier are updated after t level of iteration using (9): 

 

𝑤𝑡 + 1 =  𝑤𝑡 −  𝛼𝑡 𝛻𝑤 𝐿 (𝑣𝑡, 𝑤𝑡) (9) 

 

Here, the cost function L which is estimated based on the predicted output y’ and actual output y.  

The incremental SGD-SVM incremental learning follows the domain based incremental learning 

approach. SGD-SVM incremental learning is based on the following steps [41].  

a. Initially, the SGD-SVM incremental learning classifier is trained with one dataset. 

b. The SGD-SVM incremental learning classifier can process with only one dataset at a time.  

c. The trained SGD-SVM incremental learning classifier can be used to train with another dataset without 

modifying or eliminating the previously extracted patterns.  

d. Based on the domain-incremental learning approach, the trained SGD-SVM incremental learning 

classifier can be used to train with different number of datasets where the newly extracted patterns only 

get added to the existing patterns.  
With help of the respective training dataset group from the respective HSFS, the incremental SGD-

SVM classifier is trained. Every rule in the fuzzy rule base has its consequent membership function set by the 

trained incremental SGD-SVM classifiers. Each HSFS employs the COG defuzzification technique. The 

average value of the outputs from the HSFSs is the final output of IL-PFRS. 

The implementation of IL-PFRS is done using python programming language. Python machine 

learning library called SciPy toolkit [42] is used to implement the fuzzy logic method and incremental SGD-

SVM classifier. The incremental SGD-SVM classifier is implemented based on the SGD classifier by using 

the ‘partial_fit’ method. When using the SGD classifier with ‘partial_fit’ method, the training dataset is split 

into number of batches and each batch are used to train the SGD classifier incrementally. Here, an 

incremental SGD-SVM classifier is obtained by using the hinge loss function along with the ‘partial_fit’ 

method. To demonstrate the incremental learning method, each training dataset group are split into ten 

number of batches and each batch of the training dataset group is used to train the SGD-SVM classifier 

incrementally. 

 

 

3. RESULTS AND DISCUSSION  

The testing dataset group discussed in subsection 2.2 is used to test the IL-PFRS. The effectiveness 

of IL-PFRS is assessed using performance metrics that are based on the confusion matrix, including 

accuracy, precision, sensitivity, specificity, and F-measure. Using the test outcomes: true positive (TP), true 

negative (TN), false positive (FP), and false negative (FN), the confusion matrix is used to compare the 

classification system's final output with the actual result provided in the dataset. In this case, TP denotes the 

number of samples that were correctly classified with the positive class label, TN denotes the number of 

samples that were correctly classified with the negative class label, FP denotes the number of samples that 
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were incorrectly classified with the positive class label, and FN denotes the number of samples that were 

incorrectly classified with the negative class label. The performance measures: accuracy, sensitivity, and 

specificity are estimated using as (10) to (12), respectively [43]. The performance measures: precision and  

F-measure are estimated using as (13) and (14), respectively [44]. The performance of IL-PFRS is also 

examined using receiver operating characteristics (ROC) curve [45]. 

 

Accuracy=
TP+TN

TP+TN+FP+ FN
 (10) 

 

Precision=
TP

TP+FP
 (11) 

 

Sensitivity=
TP

TP+FN
 (12) 

 

Specificity=
TN

TN+FP
 (13) 

 

F-measure=
2 × precision × sensitivity

precision+sensitivity
 (14) 

 

Figure 6 shows the accuracy, precision, sensitivity, specificity, and F-measure of incremental SGD-

SVM classifier for the first and second training dataset groups which are discussed in section 2.2. Figure 7 

shows the accuracy, precision, sensitivity, specificity, F-measure and the area under the ROC curve (AUC) of 

IL-PFRS for the optimized thyroid disease dataset. As shown in Figure 7, the IL-PFRS shows its best 

performance by showing the classification accuracy of 99% for the thyroid disease dataset. The experiments 

were also done to investigate the performance of feature selection process done based on the decision tree 

classifier. Various machine learning classifiers such as KNN, multi-layer perceptron (MLP) [46], SVM, RF, 

and NB classifiers were also tested on the thyroid disease dataset. When experimenting with the KNN 

classifier, the nearest neighbors value was set to three. When experimenting with the MLP classifier, the 

neural network architecture was set to have one hidden layer with five hidden neurons and SGD technique 

was used for weight optimization. When experimenting with the NB classifier, the Bernoulli NB model was 

used. When experimenting with the RF classifier, the value of tree depth was set to two. When experimenting 

with the SVM classifier, the radial basis function (RBF) kernel was used. 

 

 

 
 

Figure 6. Performance of incremental SGD-SVM classifier for the training dataset groups 

 

 

Figure 8 shows the accuracy, precision, sensitivity, specificity, F-measure and AUC of KNN, MLP, 

SVM, RF, and NB classifiers for the whole thyroid disease dataset before the feature selection process. 

Figure 9 shows the accuracy, precision, sensitivity, specificity, F-measure and AUC of KNN, MLP, SVM, 

RF, and NB classifiers for the reduced thyroid disease dataset after the feature selection process. When 

examining Figures 8 and 9, it can be seen that the performance of traditional machine learning classifiers that 
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were evaluated before and after the feature selection process have only little difference between the values of 

performance measures for the thyroid disease dataset.  

 

 

 
 

Figure 7. Performance of IL-PFRS 

 

 

 
 

Figure 8. Performance of machine learning classifiers before the feature selection process 

 

 

The accuracy values of MLP and RF classifiers are relatively high for the reduced dataset after the 

feature selection process when compared to the dataset before involving the feature selection process. The 

accuracy of KNN classifier is relatively low for the reduced dataset after the feature selection process when 

compared to the dataset before involving the feature selection process. The accuracy values of KNN and 

SVM classifiers are same when testing with and without the feature selection process.  
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Figure 9. Performance of machine learning classifiers after the feature selection process 

 

 

The precision values of KNN, MLP, and RF classifiers are relatively high for the reduced dataset 

after the feature selection process when compared to the dataset before involving the feature selection 

process. The precision of NB classifier is relatively low for the reduced dataset after the feature selection 

process when compared to the dataset before involving the feature selection process. The precision of SVM 

classifier is same when testing with and without the feature selection process. 

The sensitivity and specificity of NB classifier are relatively high for the reduced dataset after the 

feature selection process when compared to the dataset before involving the feature selection process. The 

sensitivity and specificity values of KNN and MLP classifiers are relatively low for the reduced dataset after 

the feature selection process when compared to the dataset before involving the feature selection process. The 

sensitivity and specificity values of RF and SVM classifiers are same when testing with and without the 

feature selection process. 

The F-measure values of MLP and RF classifiers are relatively high for the reduced dataset after the 

feature selection process when compared to the dataset before involving the feature selection process. The  

F-measure values of KNN, NB, and SVM classifiers are same when testing with and without the feature 

selection process. 

The AUC values of KNN and MLP classifiers are relatively high for the reduced dataset after the 

feature selection process when compared to the dataset before involving the feature selection process. The 

AUC of NB classifier is relatively low for the reduced dataset after the feature selection process when 

compared to the dataset before involving the feature selection process. The AUC values of RF and SVM 

classifiers are same when testing with and without the feature selection process. 

When analyzing the efficiency of the decision tree algorithm based on the performance metrics for 

the feature selection process in thyroid disease dataset, it can be seen that the performance of some of the 

classifiers are improved and the performance of some of the classifiers are slightly reduced after the feature 

selection process. But the feature selection process by the decision tree algorithm has an additional advantage 

that it reduces the input variables of the fuzzy system which supports in modelling the parallel fuzzy systems 

in IL-PFRS as the curse of dimensionality is the main problem when applying the fuzzy logic method in  

IL-PFRS.  

Table 2 compares the performance of IL-PFRS with the traditional machine learning classifiers. As 

shown in Table 2, the accuracy, precision, and F-measure of IL-PFRS is relatively high when compared to 

the traditional machine learning classifiers. The sensitivity of the IL-PFRS is relatively high when compared 

to the KNN and MLP classifiers. The sensitivity is the same for the IL-PFRS, SVM, RF, and NB classifiers. 

The specificity of the IL-PFRS is relatively low when compared to the traditional machine learning 

classifiers. The AUC of IL-PFRS is relatively low when compared to the MLP, RF, and SVM classifiers. The 

AUC of IL-PFRS is relatively high when compared to the KNN and NB classifiers. As the reviewed hybrid 

fuzzy logic approaches are not applied for the classification of thyroid disease, the performance of IL-PFRS 

is compared with the performance of traditional machine learning classifiers. Based on the comparison 

shown in Table 2, it is evident that the IL-PFRS showed an improved accuracy for the classification of 

thyroid disease. However, in-depth research on IL-PFRS is required to study its performance on classification 
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of other medical data as the medical datasets may involve many uncertain or incomplete data which can be 

handled by improving the hybrid fuzzy logic method.  

 

 

Table 2. Performance comparison of IL-PFRS with machine learning classifiers 
Classifier Accuracy Precision Sensitivity Specificity F-measure AUC 

KNN 0.94 0.95 0.98 0.98 0.97 0.91 

MLP 0.96 0.98 0.97 0.97 0.98 0.98 
NB 0.91 0.91 1.0 1.0 0.95 0.7 

RF 0.95 0.95 1.0 1.0 0.97 0.99 

SVM 0.93 0.93 1.0 1.0 0.96 0.98 
IL-PFRS 0.99 0.99 1.0 0.91 0.99 0.95 

 

 

4. CONCLUSION 

Although curse of dimensionality is the main problem in applying hybrid fuzzy expert systems for 

medical data classification, the other main research challenges are the enhancement of machine learning and 

soft computing techniques that are integrated with the fuzzy expert systems. The IL-PFRS proposed in this 

paper can overcome the curse of dimensionality problem by using a number of fuzzy reasoning systems in a 

parallel architecture. In the IL-PFRS, the enhancement of machine learning and soft computing techniques 

are done by using an incremental SGD-SVM classifier which are integrated to the parallel fuzzy systems. 

The incremental learning method has an advantage that it can add patterns from the new dataset to the 

already existing patterns without replacing it. So far, the integration of incremental learning method and 

fuzzy logic method has not been studied and applied for the classification of thyroid disease. In this paper, 

the integration of incremental learning method and fuzzy logic method is studied through the proposed  

IL-PFRS for the classification of thyroid disease. The IL-PFRS showed the effectiveness of the integration of 

incremental learning classifier and parallel fuzzy reasoning systems for the thyroid disease diagnosis where 

the IL-PFRS showed the accuracy of 99% for the classification of thyroid disease. The future work will be 

investigating the performance of IL-PFRS for the classification of multi-labelled medical datasets. 
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