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Effects of Integrated Kernal PCA Function on Data Sampling Techniques for Liver Disease Prediction
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Abstract: An integrated novel feature extraction is proposed using different kernel functions of principal component analysis (PCA) for
handling feature extraction from imbalanced medical datasets to diagnose liver patients. Feature extraction using PCA projects the
original features to lower dimension space that maximizes variance. In the presence of imbalanced data, feature extraction using PCA
for classification tasks is challenging because the extracted features favor the majority class. The problem is more acute when kernel
PCA uses instead of classical PCA. Linear, polynomial, and sigmoid kernels are used in PCA and each kernel has a different intention to
project the features space. The majority of medical data fre-quently shows a class imbalance which misleads machine-learning
algorithm performances. To solve this problem, we pro-pose an integrated kernel-based feature extraction framework to classify liver
patients from an imbalanced liver function dataset using recently developed hybrid data balancing techniques as well as robust methods
for the imputation of missing values and outliers. Five classification algorithms and five data balancing techniques are considered for
comparing perfor-mance on the imbalanced Indian Liver Patients Database (IPLD). The proposed integrated pipeline strategy improves
the different classification evaluation matrices in the range of 5-20% in contrast to other methods.
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Introduction: The liver is the second-largest and most vital organ in the human body. A human cannot survive without a fully
functional liver. Any disruption in liver function that results in illness is referred to as liver disease. Liver cancer, liver cirrhosis,
liver failure, hepatitis A, B, and C are some of the most frequent liver diseases. Viruses, drug overdoses, alcohol misuse, diabetes,
immune system abnormalities, and other factors can contribute to liver damage [1]. According to World Health Organization
(WHO) figures, it accounts for approximately 3% of all deaths [2]. Each year, more than a million people die from liver disease
around the world. Every year, a large number of young people are affected by liver cirrhosis due to alcohol drink. The signs and
symptoms of liver disease are not usually apparent. Getting to see the symptoms of liver disease, usually needs to harm 75% of
liver tissue [3]. It is possible to control liver problems if they are detected early stages. For medical diagnosis and prediction,
disease classification is a difficult problem. Each type of liver disease will require its treatment plan. To diagnose liver illness,
doctors frequently recommend blood tests, CT scans, and MRIs. A liver biopsy is needed to confirm the exact diagnosis [4].

Machine learning techniques can be used to solve diseases detection challenges, allowing us to more accurately forecast disease
and lower diagnostic costs. These can also assist doctors in making precise patient decisions. Most medical databases, like the
Indian liver patients' disease (IPLD) database, have concerns with class imbalance. Traditional machine learning models and
assessment measures assume a balanced class distribution, making imbalanced classification a difficult problem. The
performance of disease classification using machine learning will not be efficient unless the data class distribution is balanced.
To overcome the challenge, numerous techniques have been introduced. The most widely used data sampling methods, such as
Random Over-sampling (ROS), Random Under-sampling (RUS), SMOTE, Tomek-links, and SMOTE+ENN, result in updated
sets with balanced data distribution.

Sregjith et. al. [5] used the ILPD data to predict liver patients faultlessly by using their proposed approach. They used Synthetic
Minority Over-sampling Technique (SMOTE) to balance the data set and finally after the Chaotic Multi-Verse Optimisation
(CMVO) techniques were used to select influential features, they achieved 82.46% accuracy measured by the Random Forest
classifier. In recent years author [6] worked on Spine, ILPD, Eucalyptus, etc datasets. They proposed a recent dimension
reduction technique name as matrix sketching technique which reduces the data dimension without losing indispensable
information. On the compressed dataset, they carried out three classifiers (LDA, C4.5, SVM) based on ROSE, BalGuss, OS, US,
SMOTE, BalOSUS, etc. data balancing techniques to measure the performance of the different real and artificial datasets. Over
the performance comparison based on ROSE, SOMTE, BalUSOS, BalGauss, BalClark, and BalHada on ILPD data LDA and
C4.5 give the best results of 71.2%, 63.0%, 65.8%, 61.2%, 71.2%. Pushpendra Kumar and Ramjeevan Singh Thakur [1] used an
imbalanced liver function test dataset to find liver disorders. They use SMOTE to balance the dataset and SVM and KNN as
classification algorithms. KNN algorithm is the best one with an accuracy of 74.67% for ILPD. They use the WEKA tools.
Recently, P. Kumar and R.S. Thakur [7] in their research work show that NWFKNN produces much better performance than
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NWKNN and Fuzzy-NWKNN. Their proposed method variable NWFKNN gives 87.71% accuracy. M. Fathi et al. [8] in their
research work show the G-SVM method gives the highest accuracy 90.90%. Another author [9] compares the results before and
after the applying SMOTE balancing strategy with Random Forest and KNN algorithm. The KNN algorithm gives the best result
of 75.96% on balance data.

Technology-assisted liver disease diagnosis is demanded to save time and money on screening while simultaneously increasing
access to health care by saving the patient's life. Various machine learning algorithms are still not as remarkable as experts would
want. This proposed approach may be able to attain that accuracy level. In this study, we focus on a 3-kernel PCA-based feature
extraction framework that may be used in collaboration with data sampling approaches to improve classifier performance.
Missing values and outliers are treated using a robust statistical method. The proposed integrated kernel-based PCA is examined
on five distinct data sampling methods to see which combination performs best. We modify the ensemble classifier, which is
built using Logistic Regression (LR), Random Forest (RF), Support Vector Machine (SVM), K-Neighbor Classifier (KNN), and
Multi-Layer Perceptron (MLP), to predict liver disease with high accuracy and minimal preprocessing. Accuracy, Precision, Re-
Call, F1-Score, and G-Mean Score were used to measure performance.

Dataset Description:

To categorize liver illness, the Indian Liver Patient Dataset (ILPD) from the UCI library was utilized [10]. There are 583 samples
in the ILPD dataset, with 71.4 percent (416) of liver disease patients & 28.6 percent (167) of non-liver disease patients. This
shows the dataset is unbalanced.

Age, Gender, Total Bilirubin, Direct Bilirubin, Alkphos Alkaline Phosphatase, Sgpt Alamine Aminotransferase, Sgot Aspartate A
minotransferase, Total Protein, Albumin, Albumin and Globulin Ratio, and Target are the features of this dataset. There are142
females and 441 males among the patients.

Non-Diseased

Diseased
Fig. 1: Patient's class percentage.

Here, the imbalanced ratio is 2.49. This means that the dominant class is nearly 2.49 times the size of the minority class. Here the
majority class is liver disease patients and the minority class is non-liver disease patients. Figure 2 illustrates the correlations
between all of the dataset's attributes. Understanding the relationship between the features is useful because the value of one
variable may be used to predict the values of the other.
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Fig. 2: Correlation table of the features in the dataset.
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Materials & Method: The proposed entire machine learning system is represented in Figure 3. This adheres to the conventional
Machine learning model. By handling missing values and outliers, the input data is preprocessed. The feature extraction process
is the next step, and the proposed kernel-PCA integration function is used to choose the dominating features. To integrate the
dominant features, three PCA kernel functions—polynomial, sigmoid, and randomized radial basis function (rbf) are adopted.
These extracted features from the dataset are employed to predict liver disease. To achieve a balanced majority and minority class
in the dataset, five data sampling strategies are employed.
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Fig. 3: Research workflow diagram.

Kernel Principal Component Analysis: The concept behind KPCA is that many datasets that aren't linearly separable in their
original space may be rendered linearly separable by projecting them onto a higher dimensional environment. For linearly
separable datasets, PCA is a great choice. However, when applied to non-linear datasets, the output may not be ideal
dimensionality reduction. Kernel PCA projects a dataset into a higher-dimensional feature space, where it may be linearly
separated, using a kernel function [12]. Support Vector Machines are similar in concept. On the initial data dimensions, the extra
dimensions are merely basic arithmetic operations. As a result, we project our dataset into a higher-dimensional feature space,
and because the features are now linearly separable, we can separate them. As a result, we project our dataset into a higher-
dimensional feature space, and because the features are now linearly separable, we can utilize PCA on this new data. Different
types of kernels such as ‘linear’, ‘tbf’, ‘poly’, and ‘sigmoid’ are used in kernel PCA.

‘RBF’ Kernel : The radial basis function kernel, or RBF kernel, is a prominent kernel function in machine learning that is
utilized in a variety of kernelized learning techniques [13]. It's especially popular in support vector machine classification. On
two samples xi and xj, represented as feature vectors in some input space, the RBF kernel is defined as follows:

K(xi — xj) = exp (-lIxi — xj I? *ﬁ) eq.1

lIxi— xjlli> may be recognized as the squared Euclidean distance between the two feature vectors. oo is a free parameter. An
. . . 1
equivalent definition involves a parameter y = —.

Polynomial Kernel: The polynomial kernel is a kernel function that allows the learning of non-linear models by representing the
similarity of vectors (training samples) in a feature space over polynomials of the original variables. The polynomial kernel for
degree d polynomials is defined as:

K (xi,yi)= (xi'yi +c)~d eq. 2

where x and y are input space vectors, i.e. vectors of features derived from training or test samples, and ¢ > 0 is a free parameter
trading off the influence of higher-order versus lower-order terms in the polynomial [14]. When ¢ = 0, the kernel is called
homogeneous. (A further generalized poly-kernel divides x"y by a user-specified scalar parameter a). As a kernel, K corresponds
to an inner product in a feature space based on some mapping [

K (xi, yi) = (o(xi) , 9(yi) ) eq.3

Sigmoid Kernel: The Hyperbolic Tangent Kernel is also known as the Sigmoid Kernel and as the Multilayer Perceptron (MLP)
kernel. The Sigmoid Kernel comes from the Neural Networks field, where the bipolar sigmoid function is often used as
an activation function for artificial neurons.

K Gd,yi) = tanh( 0 xi"yi +¢) eq. 4
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There are two adjustable parameters in the sigmoid kernel, the slope o, and the intercept constant c. A common value for o is
1/N, where N is the data dimension.

Data Sampling Techniques: The key intention of this research is to predict liver patients efficiently. Therefore, we explore
different data sampling techniques for this imbalanced classification problem. For comparing the effect of data sampling methods
with the proposed method, we apply Random Over-sampling (ROS), Random Under-sampling (RUS), Synthetic Minority
Oversampling (SMOTE), Tomek Links (TL), and SMOTE+ENN are used. These data sampling methods are applied to
preprocessed data for balancing the majority and minority class distribution. This paper-related data sampling methods are
discussed in this section.
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Fig. 4: Random Over-sampling and Under-sampling Technique [15].

Random Oversampling Technique: By expanding the number of the minority class, random oversampling (ROS) tries to
improve the class imbalance. From the minority class, duplicate samples are created at random until the required class ratio is
obtained [16]. That is, oversampling can be performed many times (2x, 3x, 5x, etc.) Instead of repeating every sample, some of
them may be chosen randomly and replaced. This method works better for classifiers that are influenced by a skewed
distribution. Figure 4 illustrates this strategy.

Random Under-sampling Technique: Under-sampling is a collection of strategies for balancing the class distribution in a
classification dataset with a skewed distribution. It entails removing samples from the majority class from the training dataset at
random. There will be one or more classes with few examples and one or more classes with many examples in uneven class
distribution. It's easiest to grasp when applied to a binary classification task. In the altered version of the training dataset, this
reduces the number of cases in the majority class [17]. This procedure can be continued until the desired class distribution, such
as an equal number of samples for each class, is attained.

SMOTE: SMOTE (Synthetic Minority Oversampling Technique) is a method for expanding data in minority classes by
producing new data from old data. By taking each minority class sample and injecting synthetic cases along the line segments
linking any/all of the k minority class nearest neighbors, the minority class is oversampled.
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Fig. 5: Synthetic Minority Oversampling Technique [18].

Class imbalanced problems are facing often in biomedical datasets, where the machine learning classifiers produce a biased
prediction. By using SMOTE, the overfitting problem is avoided and causes the decision boundaries for the minority class to
spread further into the majority class space.

Tomek Links: Tomek connections is a development of the Condensed Nearest Neighbor (CNN) approach, which is an under-
sampling algorithm. Tomek's technique looks at such pairings and extracts the pair's majority instance. This method eliminates
boundary occurrences, which are more likely to be misclassified. A Tomek connection is a pair of patterns that are the closest
neighbors and belong to distinct classes [19]. To eliminate class, overlap, Tomek connections might be employed. A basic
example of Tomek link removal is shown in Figure 6.
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Fig. 6: Tomek Links Undé'r-sampling technique [20]

SMOTE + ENN: SMOTE is the most popular oversampling technique and another popular under-sampling technique is Edited
Nearest Neighbors or ENN. SMOTE + ENN is a hybrid technique where more no. of observations is removed from the sample
space. ENN removes any example whose class label differs from the class of at least two of its 3 nearest neighbors. It can be
applied to both the majority and minority classes. The ENN method removes the instances of the majority class whose prediction
made by the KNN method is different from the majority class [21]. This method can remove the noisy samples as borderline
samples. This results in a more clear and more concise class separation. It will provide a more in-depth data cleaning than Tomek
Links.

Performance Metrics: Finding an acceptable performance indicator is difficult since different evaluation metrics are created for
different goals. Accuracy, Precision, Recall, F1-Score, and ROC-AUC Score are among the most commonly used performance
indicators. Another visual technique to assess the performance of different classifiers is the receiver-operating characteristic
(ROC) curve. These metrics are used to compare in this study. Table 1 shows how to construct these measurements using the
confusion matrix.

Table 1: Confusion Matrix.

Actual
Predi Predicted (0) Predicted (1)
Actual (0) TN FP
Actual (1) FN TP

Where TP is the total number of correctly categorized positive instances, FP denotes the total number of misclassified positive
instances, FN denotes the total number of misclassified negative instances, and TN denotes the total number of correctly
classified negative occurrences. The number of right predictions made from all predictions is the accuracy of a classifier. If the
dataset is imbalanced, accuracy alone may not be enough to support the results. Such additional matrices must be measured for
more exact findings. Matrix Precision, Recall, F-1, and G-mean scores are defined as follows:

TR+TN
Accuracy = ————————
[TP+TN+FP+FIN}
. TE
Precision =
TR+FR
Recall = —

B

+F1
F-1 score = ——
I«TP+FP+FN

I - T
G-mean score = + Precision = Recall

Results and Discussion: In this study, an ensemble learning algorithm that combines several basic learning algorithms is
employed to increase the model's predictive ability. In contrast to a single machine learning classifier, ensemble learning
produces representational results. In this paper, an ensemble is constructed using five well-known classifiers: LR, RF, KNN,
SVM, and MLP. 10-fold cross-validation is applied to avoid biased results. The performance of ensemble learning is compared
before and after applying the proposed kernel integration method.
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Fig. 7: Ensemble Learning Algorithm.

The detailed results are shown in different tables. Table 2 shows the classifier's performance without the proposed method. We
observed after applying the SMOTE+ENN data sampling technique ensemble classifier gives the best result for the ILPD dataset.
This gives 89.78% accuracy, 87.54% precision, 98.66% recall score, 92.76% F1-score and 84.39 % G-mean score.

Table 2: Classifier's performance without the proposed kernel integration approach on ILPD.

Data Sampling

Techniques Accuracy % Precision % Recall % F1-Score % G-Mean %
ROS 80.75 74.33 93.99 83.01 79.68
RUS 65.27 62.44 76.65 68.82 64.27

SMOTE 78.49 73.94 87.98 80.35 77.91

Tomek Link 69.59 51.02 14.97 23.15 37.45

SMOTE+ENN 89.78 87.54 98.66 92.76 84.39

Table 3: Classifier's performance with the proposed kernel integration approach on ILPD.

Data Sampling

Techniques Accuracy Precision Recall F1-Score G-Mean
ROS 77.77 70.66 94.95 81.03 75.84
RUS 67.37 62.95 84.43 72.12 65.17

SMOTE 77.04 69.91 94.95 80.53 74.93

Tomek Link 70.58 56.72 22.75 32.48 45.79

SMOTE+ENN 92.14 89.21 99.29 93.98 89.44

On this ILPD dataset, we test the proposed kernel integration approach and examine the consequences of the classifier's
performance. Table 3 represents the descriptive results. After applying the proposed integrated kernel-based PCA as a feature
extraction technique with random under-sampling, Tomek links, and the SMOTE+ENN sampling, we find that performance of
the ensemble learning has increased. The proposed method provides improved accuracy of 92.14 %, a precision of 89.21%, recall
of 99.29%, fi-score of 93.98%, and G-mean score of 89.44% with SMOTE+ENN. With the suggested approach, RUS achieves
67.37% accuracy while Tomek Link achieves 70.58% accuracy.
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Table 4: Comparison with different protocols in the literature based on the ILPD dataset.

References Protocol Classifiers Accuracy (%)

Sregjith et. al.[5] Train-Test method RF 82.46

AdaC-TANBN 69.53

TANBN 60.23

Gan et. al. [22] Train-Test method BN 62.12

SVM 63.69

LDA 64.70

. C4.5 71.20

Falcone et. al.[6] Train-Test method SVM 71.20

NWKNN 72.31

10-fold cross-validation Fuzzy-NWKNN 76.31

P. Kumar et. al.[7] method Variable-NWKNN 87.71

. 10-fold cross-validation RF 74.96

Varchagali et. al.[9] method KNN 75.96

This study 10-fold cross-validation Ensemble 92.14
method

Table 4 shows that the proposed method gives the best result with an accuracy of 92.14% for the ILPD dataset. The proposed
method can diagnose liver disease more accurately.

Conclusion: Feature extraction with an imbalanced class is one of the vital issues in machine learning applications. To reduce
redundant features for imbalanced data, many existing studies have been proposed in the preprocessing step. Most of the
traditional feature extraction approaches are often unable to deal with the problem effectively. In this paper, an integrated feature
extraction approach was proposed, which combines rbf, polynomial, and sigmoid PCA kernel function effects with the hybrid
data sampling technique SMOTE+ENN in the context of liver patients’ classification. Comparison results with different
evaluations indicate the superiority of the proposed method with other methods on the ILPD imbalanced dataset. Further,
evaluating the proposed methods on other medical datasets as well as the real-world problem will extend the idea imbalanced
multi-class classification problem.
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