
 

 

A new approach based on machine learning to certain diseases 

Ruyi Teng1,4,7, Tianqi Zhu2,5, and Shuyan Qiao3,6 

1School of Electrical and Information Engineering, Tianjin University, Tianjin, China 
2School of Economics and Management, Wuhan University, Wuhan, China  
3Faculty of Information Technology, Monash University, Melbourne, Australia  

42991718317@qq.com 
5efhddjk25678@163.com 
6sqia0012@student.monash.edu 
7corresponding author 

Abstract. Never in history is the importance of data science so emphasized in modern society. 

Focusing on obtaining conclusive results from the implicit features concealed in a huge amount 

of data, data science plays a remarkable role in various fields, including modern medical practice. 

Although the fascinating performance of cutting-edge technology is capable of coping with 

numerous diseases, certain diseases, such as breast cancer and Parkinson’s disease, still 

compromise people’s health since these diseases are difficult to predict and prone to exacerbate. 

In order to deal with that problem, we will introduce three different machine learning methods 

in our experiment to two different data sets to test the performance of classification. In the paper, 

we clarified the principle of each machine learning method (three different classifiers) at first. 

Then, we conducted our experiment, during which decisive parameters of classifiers were set by 

specific searching algorithms. Besides, we introduced metrics along with their principles for the 

evaluation of the numerical results, which were obtained by different classifiers. In the next step, 

we discussed the results by comparing the values of the metrics that represent the performance 

of a particular method. Therefore, we managed to obtain optimal classifiers for the two datasets. 

In the final stage of the paper, we discussed our experiment’s limitations as well as prospects, 

which includes further application in other fields. 
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1.  Introduction 

Certain diseases like breast cancer and Parkinson’s disease have been demanding tasks for human beings 

since their detection, and the healing processes are painstaking. As for breast cancer, it is the second 

most common cause of death among American women. Breast cancer is dreadful if not accurately 

detected in the early stages since it usually metastasizes to the lungs, liver, brain, lymph nodes, and 

bones, making it irreversible for female patients to recover [1]. Therefore, accurate classification and 

prediction are needed to provide an alternative method to determine whether a tumor is benign or 

malignant based on data science. 

Parkinson’s disease (PD) is a common degenerative disease of the nervous system, commonly 

existing among elderly people. Parkinson’s has severe clinical features, such as static tremors, rigidity, 

and a masked face. The diagnosis of Parkinson’s disease nowadays mainly relies on medical history, 
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clinical symptoms, and signs. The accuracy of the Parkinson’s disease diagnosis is a key factor 

determining the patient’s future life quality. Many reports have shown that a certain amount of 

misdiagnosed patients end up with much more severe Parkinson’s symptoms. To cope with this situation, 

introducing a classification method to determine whether a patient is at high risk of developing 

Parkinson’s disease is indispensable [2]. 

Nowadays, with the growth and expansion of information, data analysis plays an increasingly 

important role in daily life. Data classification, as an important branch of data science, can extract 

features from data sets based on high-dimensional data and classify and predict data based on these 

implicit features. Basically, the classification methods mainly include Naive Bayes, SVMs and Kernel 

SVMs, Decision Trees and Random Forest, as well as Multi-layer Perceptron and so on [3-6]. The most 

commonly used scientific metric for quantitative evaluation of the classification performance includes 

OA and Kappa coefficient, and so on. 

The basis of data classification is the data itself. In order to make the experimental results more 

convincing, we chose two authoritative data sets, namely the breast cancer data set and Parkinson’s data 

set. These data sets are derived from scientific medical research as well as accurate statistical methods. 

The breast cancer data set comes from the Diagnostic Wisconsin Breast Cancer Database, whose 

features are calculated from a digital picture of a fine needle aspirate (FNA) of a breast tumour and 

characterise properties of the cell nuclei shown in the image. The breast cancer database also concerns 

the judgment of whether the breast mass is benign or malignant. The National Centre for Voice and 

Speech, Denver, Colorado, and Max Little of the University of Oxford collaborated to establish the 

Parkinson’s disease data set. Biomedical voice measurements form the basis of this data set. By 

recording a patient’s voice for less than 30 seconds, we are capable of telling whether a patient has 

Parkinson’s disease or not. 

2.  Methods of Data Analysis 

In the report, we used and compared multiple data classification methods to analyze two data sets and 

evaluate the performance of different ways on the same data set. At the same time, the performance of 

these methods on the two data sets was compared to obtain valuable conclusions. To approach our topic, 

an exhaustive introduction of machine learning methods will be presented first to lay a solid foundation 

for a better understanding of our topic. 

2.1.  SVM 

The Support Vector Machine (SVM) is a supervised learning method for outlier detection, regression, 

and classification. A support vector machine creates a hyperplane or collection of hyperplanes in high 

infinite-dimensional space that can be used for data sorting, data regression, and other tasks. The 

classifier’s ultimate goal is to produce the best classification, achieved by choosing the hyperplane with 

the largest distance from any class’s nearest training data points, also referred to as the functional margin 

[7-9]. 

Let’s focus on the basic principle of the SVMs. First of all, the desired hyperplane for classification 

can be represented in the following formula: 

𝜔T𝐱 + 𝑏 = 0 (1) 

where 𝜔 is the vector of parameters that possesses the same order of dimension as the data, and b is a 

common value. Assuming that Pi (x1,x2,x3...xn) represents the ith of the samples, which possesses n 

features, indicating that the data are n-dimensional. Then, the distance between a sample point and a 

hyperplane is: 

𝑑 =
|𝜔1 ∗ 𝑥1 + 𝜔2 ∗ 𝑥2 + 𝜔3 ∗ 𝑥3 + ⋯ + 𝜔𝑛 ∗ 𝑥𝑛 + 𝑏|

√𝜔1
2 + 𝜔2

2 + 𝜔3
2+. . . +𝜔𝑛

2
(2) 

Since our task is a 2-class classification problem, the model’s input is the n features of the data set, 

while the output is the condition of the tumors (benign or malignant) for the breast cancer data set, as 
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well as for the Parkinson’s case. For the prediction or the classification of the SVMs, the output 𝑦𝑖  is 

either 1 or -1, representing the 2-class classification. The n-dimensional vectors which satisfy both the 

equations: 𝜔T𝐱 +  𝑏 =  1  and  𝜔T𝐱 +  𝑏 =  −1  are defined as 𝑋𝑠  or the support vectors. By 

introducing the objective function, we are, therefore, capable of clarifying the ultimate goal of SVMs in 

mathematical form. The objective function is shown below: 

𝑎𝑟𝑔 𝑚𝑎𝑥
𝜔,𝑏

(𝑚𝑖𝑛 (𝑦 ∗ (𝜔T𝐱 + 𝑏)
1

|𝜔|
)) (3) 

where ω is an n dimensional vector and b is a common value, the infinite combination of these 2 

parameters represents myriad sets of hyper-planes. 

Since the distance of the data to the hyperplane is shown above, the distance in the SVM problem 

can be represented: 𝑑 =
1

|𝜔|
 

Thus, to guarantee the rationality of the classification, for the samples whose output 𝑦𝑖  is 1, the 

correct hyper-plane should let 𝑏 + 𝜔T𝐱 ≥  1 , while for the samples whose output 𝑦𝑖  is -1, the 

hyperplane should satisfy the condition 𝑏 + 𝜔T𝐱 ≤  −1, and vice versa. 

To make the ’min-max’ form objective function easier to understand, it can be stated as: 

𝑚𝑖𝑛
𝜔

𝜏(𝜔) =
1

2
∗ |𝜔|2 (4) 

𝑠. 𝑡. 𝑦𝑖 ∗ (𝑏 + 𝜔T𝐗𝐢) ≥ 1𝑖 = 1,2,3 … , 𝑁 (5) 

Then, we introduce the Lagrange Multiplier Approach to obtain the extreme value of the objective 

function under the constraint condition. 

𝐿(𝜔, 𝑏, 𝐚) =
1

2
∗ |𝜔|2 − ∑ 𝑎𝑖(𝑦𝑖 ∗ (𝜔T𝐗𝐢) − 1)

𝑁

𝑖=1
(6) 

where 𝑎𝑖  ≥ 0. 

This is the primal problem for solving this kind of convex quadratic form programming problem, 

whose solution is stated below. 

∑ 𝑎𝑖 ∗ 𝑦𝑖 ∗ 𝐗𝐢
𝑁
𝑖=1 = 𝜔 (7) 

∑ 𝑎𝑖 ∗ 𝑦𝑖

𝑁

𝑖=1

= 0 (8) 

By selecting L (L ≤ the total number of the samples) support vectors, the coefficient vector of the 

optimal hyper-plane ω can be obtained by the formula: 

𝜔 = ∑ 𝑎𝑖 ∗ 𝑦𝑖 ∗ 𝐗𝐢

𝐿

𝑖=1

(9) 

By selecting one of the L support vectors 𝐗𝐬, a corresponding common value b can be obtained by b 

= 𝑦𝑖 − 𝜔T𝐗𝐢. In order to achieve a more stable b, we can select more 𝑋𝑠 values randomly to get the 

average number of b. So far, the process of solving the parameters of the hyperplane has ended, and the 

hyperplane has been determined. 

With the determined hyperplane, the SVMs are capable of predicting the classification by using the 

constructed model. By inputting the sample vectors into the support vector machine, certain 

classification results will be obtained. Therefore, it provides another way to determine whether the tumor 

is benign or malignant, as well as deciding whether a patient has the risk of developing Parkinson’s. 

Proceedings of the 2023 International Conference on Machine Learning and Automation
DOI: 10.54254/2755-2721/44/20230156

70



 

 

2.2.  Decision Tree and Random Forest 

The decision tree is a supervised machine learning method to predict and determine used for 

classification and regression. Decision tree models are similar to human logic of identifying 

characteristics of things and classifying them on the basis of interactive rules. Decision tree structures 

consist of nodes and directed edges. These nodes have two types: internal nodes and leaf nodes. An 

internal node represents a characteristic or feature, while a leaf node symbolizes a class. So, decision 

trees can be thought of as groupings of if-then loops. Based on this, test an instance attribute starting at 

the root node, then assign the instance to its child nodes based on the test results. Each child node at this 

moment represents a value for a feature. Recursively test and assign the instance in this manner up until 

the leaf node, and then assign the instance to the leaf node’s class [10]. Above is the procedure for 

classifying instances using a decision tree. So, we can conclude that in decision trees, the computational 

complexity is reduced by pruning and feature selection, and the outcome is easy for us to understand. 

Now, let’s focus on the algorithms for dividing data sets, which should include choices of 

characteristics, generation of a decision tree, and pruning process of a decision tree. The first algorithm 

is called Iterative Dichotomiser 3(ID3) [11]. The ID3 algorithm starts with the data set D. For each 

characteristic C of D, we calculate entropy H(D) and information gain g(C,D). In the end, we compare 

all the information gains and select the characteristic that produces the largest g(C,D). To be more 

specific, entropy H(D) is a way to measure the uncertainty in a given dataset D. 

𝐻(𝐷) = − ∑ 𝑝(𝑥)𝑙𝑜𝑔2𝑝(𝑥)

𝑥∈𝑋

(10) 

In the formula (11), X ∈ Rn represents the set of classes in dataset D, where n represents the number 

of elements in the set X and x represents an individual element within set X. If p(x)=0, we define that 0

∗log20=0 in this situation [12]. Finally, we can define Gain(C,D) as the information gain of dataset D 

and one of its characteristics C, which represents the difference between H(D) and Ent(C,D), where 

Ent(C,D) means the entropy of characteristic C in the given dataset D and we assume that characteristic 

C divides dataset D into T parts, D1, D2, ... , DT: 

 𝐺𝑎𝑖𝑛(𝐶, 𝐷) = 𝐻(𝐷) − 𝐸𝑛𝑡(𝐶, 𝐷) (11) 

𝐸𝑛𝑡(𝐶, 𝐷) = ∑
|𝐷𝑡|

|𝐷|
𝐻(𝐷𝑡)

𝑇

𝑡=1

(12) 

Finally, we calculate every information gain of each characteristic and select the largest one [13]. So 

that’s all for the ID3 algorithm. In the following, let’s concentrate on the CART algorithm. CART, short 

for Classification and Regression Tree, is a versatile algorithm that can be employed for both 

classification and regression tasks [14]. In order to explain how CART plays a role, we will begin with 

the concept: Gini coefficient [15]. In classification, assume that there are T classes and the probability 

that a sample point belongs to class t is pt. The Gini coefficient of the probability distribution can be 

defined as: 

𝐺𝑖𝑛𝑖(𝑝) = ∑ 𝑝𝑡(1 − 𝑝𝑡)𝑇
𝑡=1 (13) 

For a given dataset D, it’s Gini coefficient can be defined as: 

𝐺𝑖𝑛𝑖(𝐷) = 1 − ∑ (
|𝑀𝑡|

|𝐷|
)2

𝑇

𝑡=1
(14) 

where T is the number of classes in data set D and Mt is the subset of samples in set D belonging to class 

t. Next, characteristic C divides dataset D into T samples, D1, D2, ... , DT when characteristic C has T 

values. Hence, we can define Gini coefficient of dataset D under the condition of characteristic C:  
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𝐺𝑖𝑛𝑖(𝐷, 𝐶) = ∑
|𝐷𝑡|

|𝐷|
𝐺𝑖𝑛𝑖(𝐷𝑡)

𝑇

𝑡=1

(15) 

So, in the CART algorithm, we calculate the Gini coefficients corresponding to all characteristics 

and their sharps and select the minimum one [13]. 

When we apply decision trees to classify a group of training sets, we can collect the results of multiple 

decision trees and select the category with the most votes as the final prediction. Such a choice process 

is known as ensemble learning. Random forest is an ensemble learning method when training with the 

same algorithm [15]. It will construct many different decision trees and select the majority choice, like 

voting. To be specific, the logic behind random forests is to calculate the average of multiple overfitting 

decision trees with large variances in order to reduce variance and build a strong algorithm with better 

generalization performance and less overfitting as well as smaller variances. The algorithm can be 

summarized in three simple steps. First of all, repeatedly (T times) select x samples with replacement 

from the original training set X. Next, for each sample, complete the machine learning of a single 

decision tree and repeat T times, so we can produce T decision trees. Eventually, calculate T decision 

trees separately, get T results and use a simple majority voting mechanism to determine the classification 

of a given dataset D waiting to be classified [10]. 

In conclusion, random forests are less interpretive than decision trees, but still have several 

advantages. For example, the optimal parameter can easily be chosen [13]. In general, the more trees 

that we use, the better performances that random forests show, while the computational cost will increase 

accordingly. Mostly, random forests, bagging methods, and so on will not overfit with the increasing of 

the number of trees. As different datasets have diverse attributes and complexity, results of random 

forest may differ from each other. Further more, selecting different parameters and samples may also 

play a role in classification. In the passage, we will apply the method random forest and its special 

attribute to datasets like Parkinson and breast cancer and pay attention to the impact of datasets on the 

model results.   

2.3.  Naive Bayes 

A given example that is described by its feature vector is given the most likely class using a Bayesian 

classifier. Assuming that characteristics are independent of class when learning these classifiers can 

considerably simplify the learning process, that is, 

𝑃(𝑿|𝐶) = ∏ 𝑃(𝑋𝑖|𝐶)

𝑁

𝑖=1

(16) 

where X = (X1,...,Xn) is a feature vector and is a class. In spite of the simplicity of Naive Bayes, it has 

been proved to perform well in plenty of general cases [16]. 

Among many specific Naive Bayes models, the Gaussian Naive Bayes algorithm for classification is 

the most commonly used. In the Gaussian Naive Bayes model, the likelihood of the all-independent 

variables is assumed to conform the Gaussian Distribution. Based on that, the parameters of the model 

are calculated by Maximum Likelihood Estimation. Gaussian Naive Bayes model is a basic model when 

the features can be supposed to follow Gaussian Distribution. 

Another popular Naive Bayes classifier is the Multinomial Naive Bayes. This model is generally 

used in text classification, especially in tf-idf vectors [17]. The distribution is parameterized by several 

vectors for each class, where we can take into account the size of the corpus vocabulary, and the 

probability of each word appearing in a sample belonging to a class. The parameters of the model are 

trained by a smoothed Maximum Likelihood Estimation. The smoothing priors account for features 

which are not present in the training set, and it can avoid 0 probabilities in further computations. In 

summary, Multinomial Naive Bayes is a good choice when dealing with text data. 
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Complement Naive Bayes is similar to the standard Multinomial Naive Bayes algorithm while it is 

ameliorated to suit imbalanced data sets scenario [18]. It uses statistics from the complement of each 

class to compute the model’s weights. Complement Naive Bayes are more stable than those for 

Multinomial Naive Bayes empirically. Further, Complement Naive Bayes generally performs better than 

Multinomial Naive Bayes on text classification tasks thanks to its normalization stability. 

The fourth Naive Bayes model is the Bernoulli Naive Bayes. Bernoulli Naive Bayes model is 

designed for data which is distributed according to multivariate Bernoulli distributions. In this algorithm, 

each feature is supposed to be a binary-valued random variable. It performs well in cases of text 

classification on shorter documents using occurrence vectors. 

Categorical Naive Bayes is used when the features are numerable [19]. In this model, the probability 

distribution of each feature is calculated based on the appearing times on samples with smoothness 

factors. This model differs from the others in enumerating representation. Out-of-core Naive Bayes is 

designed to handle large data sets which may not be loaded at a time. It works by processing the data in 

mini-batches and updating the model parameters partially. It can be used with any kind of Naive Bayes 

models mentioned above with partial fit classifier interface in scikit-learn. Therefore, Out-of-core Naive 

Bayes are generally used when working with giant data sets. 

3.  Experiments 

3.1.  Experiment Settings 

After the brief introduction of the data sets as well as the basic principles of the three methods of data 

analysis, we conducted experiments on the two data sets, namely, Breast Cancer and Parkinson’s 

Disease, by utilizing the three aforementioned two data sets. The outline of our experiment can be briefly 

described in several subsections, including a brief data set introduction, which mainly focuses on the 

features of the data in the respective data sets. Then, a more comprehensive introduction is presented 

along with the four particular metrics utilized during the evaluation process. 

The core part of the experiment is to classify two data sets, namely SVM, Decision Tree, and Random 

Forest, as well as Naive Bayes. We introduced data preprocessing to enhance the performance of the 

classifiers as well as the plausibility of the experiment. 

After data preprocessing, what is also important is to call the function of data splitting in order to 

divide the data into a train set and a test set. There are several reasons why machine learning divides 

data sets into training and testing sets: To start with is the prevention of overfitting. During the training 

process of a model, if all available data is used to train the model, it will fit the training data well, but 

may not perform well on unseen data. Splitting the data set into training and testing sets can prevent that 

phenomenon. Apart from that, another way to prevent overfitting is K-fold cross validation, which is 

capable of coping with the problems in the process of adjusting the hyper-parameters, aiming to 

guarantee the optimal models for each machine learning method in distinct data sets.  

K-fold validation is the process right after data-splitting which divides the data set into train set and 

test set. K-fold divides the training set into K parts where (K-1) parts are utilized as training while the 

left one is used for verifying the performance of the model by calculating the variance of the estimation 

error. The next step is to duplicate the previous step for K times, until every k-fold has been used for 

validation. Then calculate the mean and standard deviation of model performance by obtaining the 

model scores calculated for all K models previously. Then, each hyper parameter required for the model 

optimization followed the same previous two steps to obtain their variance respectively. Therefore, the 

optimal hyper parameters set is determined. 

As for the selection of K, conventionally we choose 10 as the value of K. With regard to the larger 

data sets, K is set to be lower, approximately 5, which can lower the cost of calculation. In general, K 

fold validation is recommended when the data set’s scale is relatively low in order to deal with the 

potential risk of overfitting. 

Second is to evaluate the performance of the model: dividing the dataset into training and testing sets 

can be used to evaluate the performance of the model. Utilizing test datasets to evaluate models can 
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provide a better understanding of their performance on unprecedented data. Another reason is to verify 

the generalization ability of the model: In machine learning, we attempt to construct a model that can 

generalize to unprecedented data. Splitting the dataset into training and testing sets can help us validate 

the model’s generalization ability. If a model performs poorly on the test set, it is likely that its 

generalization ability to new data is also poor. 

After the data splitting, our group advanced to selecting classifiers. By introducing the SVMs, 

Decision Tree Random Forest, and Naive Bayes from the sci-kit-learn library, we select three classifiers 

to deal with our breast cancer dataset and Parkinson’s dataset and conducts experiments which uses 

different algorithms to fit the classifiers and selects several crucial parameters for each classifier to 

ensure the optimal property of the three classifiers [20]. Then, the classifier with the best parameters 

screened in the previous steps was called, and a program that generated four evaluation parameters was 

written to obtain a total of 6 sets of evaluation parameter groups for a total of 2 data sets. Not only the 

process of parameter selection is visualized to describe the process of adjusting parameters more vividly, 

but also the effect of different parameters on the total performance of one particular classifier is shown 

in the visualizing process. The final step is to obtain the total twenty-four metrics in the experiment and 

draw scientific conclusions from the numerical results. 

3.2.  Data Set Introduction 

In the report, our group has conducted several experiments on the two aforementioned data set by 3 

different data analysis method mentioned earlier. The breast cancer data set is consisting of several 

features including useless ones such as sample codes, (which should be omitted in the data prepossessing 

process since it is no feature of breast cancer) useful features like Clump Thickness, Uniformity of Cell 

Size, Marginal Adhesion, Single Epithelial Cell Size, Bare Nuclei and so on. The classification of 

whether the breast mass is benign or not is reflected in the Class column. When the class column shows 

the number ’2’, it means that the breast mass observed in the experiment is malignant, while the 

number ’4’ means benign state of the breast mass. As for the Parkinson’s data set, several features like 

MDVP:Fo(Hz), MDVP:Jitter constructs the main feature of the dataset and the output of the dataset, 

also plays the role of classifying the patient’s status, the number 1 in the table represents that the patient 

is healthy, while the number 0 represents that the patient has Parkinson’s disease. 

3.3.  Data Preprocessing 

Data preprocessing is an indispensable process since the data in the whole dataset is not flawless. There 

are many duplicate or missing data. For example, many data units in the breast cancer data set are blank 

spaces, by which the performance of all three classifiers will be significantly impacted. The 

classification results and possible prediction functions will be severely affected, because these missing 

data sets can not reflect the characteristics of the data set, thus undermining the plausibility of experiment. 

By using codes in python environment which are capable of dealing data frames, the processed data rule 

out duplicate or missing data and can be used in the following steps. 

3.4.  Data and Metrics 

3.4.1.  The Breast Cancer Dataset. The breast cancer dataset comprises a total of 569 instances, each of 

which represents a unique case [21]. For every instance, there are 30 different features extracted from 

the FNA images, providing a comprehensive set of characteristics that can be used for analysis and 

prediction. These features include various measurements such as radius, texture, smoothness, 

compactness, symmetry, and fractal dimension, among others. The primary objective of this dataset is 

to develop models and algorithms that can accurately classify breast masses as benign or malignant 

based on the provided features. This classification task is of significant clinical importance, as early 

detection and diagnosis of breast cancer greatly influence the treatment and survival rates of patients. 
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3.4.2.  The Parkinson’s Disease Dataset. The parkinson’s disease dataset provides valuable information 

extracted from voice recordings, allowing researchers to explore the relationship between specific vocal 

characteristics and the presence of Parkinson’s disease [22]. These features may include measures such 

as jitter, shimmer, fundamental frequency, noise-to-harmonics ratio, and other acoustic properties 

related to speech patterns. The dataset is particularly significant in the field of medical diagnostics as it 

contributes to the development of predictive models and algorithms for early detection and diagnosis of 

Parkinson’s disease. Parkinson’s disease is a progressive neurodegenerative disorder affecting motor 

function, and accurate identification can greatly aid in providing appropriate medical interventions and 

improving patient care. 

3.5.  Algorithms and Parameters Setting 

GridSearchCV is a ubiquitous method for searching the optimal parameter by using cross-validation 

[20]. The process of grid search is to adjust the parameters in steps within a given parameter range, train 

the classifier using the adjusted parameters, and find out the most accurate parameter on the test set from 

all parameter sets. Basically, it is a process of training and comparison. This method can ensure that the 

parameter with the highest accuracy is found within the specified parameter range, and the search 

efficiency for a single parameter is relatively high. However, for classification methods with multiple 

parameters, the time and resources required for searching in this way are geometrically increased, which 

is also the main drawback of GridSearchCV. 

Each of the three classifiers uses the grid search method to obtain the most accurate classifier. To 

make the grid search process more vivid, our chart will involve four function lines where the evaluation 

parameters mentioned earlier vary with the change of parameters of each classifier. 

3.6.  Numerical Results and Discussion 

3.6.1.  Outline of Numerical analysis. For these three different classifiers, our experiment fixed a data 

set at first and then adjusted the parameter set by using GridSearchCV to find out the optimal parameter 

set for each of the three classifiers. Then, we used the four metrics mentioned earlier to demonstrate the 

performance of the three classifiers after parameter adjustment, draw conclusions, and discuss them. 

3.6.2.  Parameter Setting of the Three Classifiers Used in Breast Cancer Data Set. The first data set 

processed in the experiment is the breast cancer data set. For the three different classifiers, the analysis 

is the first classification method selected for this data set is the SVMs. Due to the significant influence 

of three parameters of support vector machines, namely the penalty coefficient c and gamma as well as 

kernel [20]. Gamma is also an important parameter used to control the influence range of the kernel 

function. The gamma parameter is mainly used when the kernel function is RBF function or polynomial 

function. For the RBF kernel function, gamma defines the influence range of a single training sample 

on the model. A smaller gamma represents a larger influence range. Features with relatively long 

distances between samples can also be considered, and the Decision boundary is relatively smooth. On 

the contrary, if gamma is relatively large, it means that the training model pays more attention to the 

area near the sample, and the more details the decision boundary will contain, leading to a more complex 

decision boundary. Additionally, the parameter called cv is set to be the defaulted as 5 which is suitable 

for the large-scale data set mentioned earlier. 

As for the polynomial kernel, gamma defines the similarity of features in the space. A smaller gamma 

value corresponds to a higher similarity between features, resulting in a smoother Decision boundary. 

A larger gamma value means that the similarity between features is lower, and the decision boundary is 

more complex. 

Due to the fact that the two parameters gamma and kernel are discrete string type parameters, where 

gamma has two choices of ’scale’ and ’auto’, the kernel parameter has four choices 

of ’RBF’, ’polynomial’, ’sigmoid’, and ’linear’, and the penalty parameter C is continuous, we choose 

to fix gamma and kernel parameters to obtain the optimal parameter set by adjusting C. The visualized 
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graph of parameters setting for breast cancer data set by using SVM classifier is shown below (see 

Figure 1): 

 

Figure 1. Changes of parameters in SVM. 

The second classifier used in the analysis of breast cancer data set is random forest. Here we chose 

five parameters of random forest, known as n_estimators, criterion, max_depth, max_features and 

min_samples_leaf [20]. The n_estimators parameter represents the number of trees we choose in our 

forest and we test it in the range of 0 to 300. Parameter criterion is the way we deal with a decision tree. 

As we have discussed before, there are two methods to set a decision tree. One is to compare entropy, 

the other is to use Gini coefficient. So, the criterion has two choices of ’entropy’ and ’gini’. Max_depth 

is the maximum depth of the tree and we test it in the range of 1 to 10. Similarly, min_samples_leaf 

represents the minimum number of samples we need to be at a leaf node. We choose the 1 to 10 numbers 

range. The last parameter max_features is the number of features we use when splitting. We select all 

odd numbers up to ten. In this experiment, we test the relationship between n_estimators and max_depth, 

the relationship between min_samples_leaf and criterion and the accuracy when parameter max_features 

changes alone. 

The visualized graphs of parameters setting for breast cancer data set by using random forest 

classifier are shown in Figure 2, Figure 3 and Figure 4: 
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Figure 2. Changes of max_features in random forest. 

 

Figure 3. Changes of n_estimators and max_depth in random forest. 
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Figure 4. Changes of min_samples_leaf and criterion in random forest.  

The last classifier for classification for the first data set is naive bayes. Since judging whether certain 

breast cancer is benign or malignant is a binary classification process, we choose Bernoulli Naive Bayes 

model. Due to the significant influence of two parameters of Bernoulli Naive Bayes, namely the 

coefficient alpha and binarize [20]. The alpha parameter is a Laplace or Leadstone smoothing. If it is set 

to 0, then it means no smoothing option at all. However, it should be noted that smoothing is different 

from artificially adding some noise to the probability, so the larger the setting, the lower the accuracy 

of the computational naive Bayesian (although the impact is not very large), and the Bool score gradually 

increases higher. The parameter binarize is the threshold for binarizing the feature. If it is set to None, 

it will be assumed that the feature has been binarized. We use every 0.1 interval point from 0 to 1 as the 

value of alpha, the same as binarize. 

The visualized graphs of parameters setting for breast cancer data set by using Naive Bayes classifier 

are shown in Figure 5 and Figure 6: 

 

Figure 5. Changes of alpha in Naive Bayes. 
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Figure 6. Changes of binarize in Naive Bayes. 

It seems that when there is no smoothing option at all(alpha=0) and binarize equals 1.0, we have the 

best testing score. 

3.6.3.  Numerical Results of the Breast Cancer Data Set. After the crucial process of parameter setting 

for each of the three classifiers, what determines the performance on the breast cancer data set is the 

value of Accuracy, Recall, F1 Score, Kappa Coefficient. In our experiment around breast cancer data 

set, we obtained these metrics and the results are comprehensively reflected in Table 1 shown below: 

Table 1. Numerical Results of Breast Cancer Data Set 

 Accuracy Precision Recall F1 Score Kappa Coefficient 

Kernel SVM 0.9663 0.9508 0.9355 0.9431 0.9192 

Random 

Forest 

0.9711 0.9516 0.9516 0.9516 0.9311 

Naive Bayes 0.9423 0.8378 1.0000 0.9118 0.8694 

3.6.4.  Discussions of the Numerical Results of the Breast Cancer Data Set. Before the analysis of using 

the five metrics, we should sort out the most important metric in our experiment since all the metrics 

mentioned earlier serves for different purposes in disparate fields. Since our experiment aims to provide 

an alternative way of classifying and predicting on the basis of data science before medical diagnosis. 

Therefore, as for the two statistical errors, FN (false negative) is unbearable, because FN indicates that 

the model could have falsely predicted those patients who actually have the disease as healthy, therefore 

preventing them from receiving further medical examination. This circumstance may cause heavy 

pressure to the patient as well as heath care centre, indicating that false negative should be taken into 

consideration primarily. 

Recall, the metric concerning FNs the most should be taken into consideration primarily. The second 

important metric should be F1 Score, which is the harmonic mean of Precision and Recall. The next 

metric should be Precision, since our experiment can bear the circumstance of FPs, which means that 

the patients who are healthy but diagnosed as potential breast cancer patients can do further medical 

examination to determine their health state [23]. 

From the list provided in the paper, Naive Bayes has an outstanding performance, an exciting Recall 

of 1 represents the classifier’s ability of precluding false negative cases. Although the F1 score of the 

Random Forest is higher than the Naive Bayes along with Precision and Accuracy, it could prove that 

Naiye Bayes sacrifices these two metrics to preclude false negative, Naive Bayes should be the top 

choice among the three classifiers. The second-best performance is Random Forest, with same Recall 

and F1 score as well as Precision of the value of 0.9516, and its all metrics are superior to Kernel SVM, 

making Kernel SVM the last classifier when it comes to breast cancer data set. 
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3.6.5.  Parameter Setting of the Three Classifiers Used in Parkinson’s Data Set. For the Parkinson’s 

disease data set, the primary step is parameter setting just like what we have done concerning the analysis 

of breast cancer data set. Similarly, in SVM, we select penalty coefficient c, gamma and kernel. In 

random forest, we choose five parameters: n_estimators, criterion, max_depth, max_features and 

min_samples_leaf. In Naive Bayes, we use Bernoulli method and select binarize and alpha [20]. 

3.6.6.  Numerical Results of the Parkinson’s Data Set. In our experiment around Parkinson’s disease 

data set, we obtained these four metrics and the results are comprehensively reflected in Table 2 shown 

below: 

Table 2. Numerical Results of Parkinson’s Disease Data Set 

 Accuracy Precision Recall F1 Score Kappa Coefficient 

Kernel SVM 0.8814 0.8776 0.9773 0.9247 0.6485 

Random 

Forest 

0.9492 0.9362 1.0000 0.9670 0.8564 

Naive Bayes 0.8136 0.8113 0.9773 0.8866 0.3872 

3.6.7.  Discussions of the Numerical Results of the Parkinson’s Data Set. With regard to the Parkinson’s 

disease data set, Random Forest stands out to be the best classifier. It has the best recall value as well as 

the rest four metrics. A very high rate of recall indicates that the classifier is capable of precluding the 

possibility of erroneously diagnosing patients who already develops PD as healthy. A high rate of f1 

score represents its outstanding ability of reconciling precision and recall, therefore the model’s 

capability of avoiding false positive and false negative which is more important in disease prediction. 

The Kernel SVM’s performance is in the middle, since it has more modest Recall and Precision than 

Random Forest, along with Kappa coefficient and other metrics. Naive Bayes failed to continue its 

excellent performance in the breast cancer data set, with a recall of merely 0.9773. In addition, its kappa 

coefficient is quite low, making it the last choice for the classification and prediction of PD data set. 

Compared with the results of the Breast Cancer data set, Parkinson’s data set has better recall value and 

higher rate of f1 score. There is an imbalance in the distribution of categories in the Parkinson’s data 

set, due to the small proportion of classification category in Parkinson’s data set and the model may tend 

to predict a large number of categories, thereby increasing the recall rate, but may reduce the accuracy 

rate and Kappa coefficient. In the same time, different optimal parameters setting intervals of the two 

data sets will also affect the results to a certain degree.  

For the naive bayes classifier, it is based on the conditional independence between features, this 

assumption may not always hold true in practical situations. For the Parkinson's disease data set, the 

correlation between features are stronger than that of the breast cancer's. Certain features in the 

Parkinson's disease data set like the MDVP:Jitter(%) and MDVP:Jitter(Abs) are in strong correlation 

while most features in breast cancer data set are independent with each other. The numerical results 

indicates that the performance of naive bayes in breast cancer data set is much better than Parkinson's 

disease data set, which means Naive Bayes is suitable for classification problems with discrete features 

and satisfying the assumption of conditional independence between features, especially in fields such as 

text classification. However, in cases where there is strong correlation or continuous features between 

features, naive Bayes may not be the best choice. 

Kernel SVM has different performances in the two data sets. Kernel SVM utilizes kernel trick to 

project low dimensional data into high-dimensional space, where non separable data in low dimensional 

space becomes more discrete and separable when projected into high-dimensional space. Low 

dimensional data itself contains less information, and it is difficult to ensure that the sample can be 

discretized after projection. Therefore, it can only be separated when projected to higher dimensions. 

Therefore, high-dimensional data contains more information, resulting in larger differences between 

samples, making it easier to achieve separability in relatively low dimensions after projection. Although 

kernel SVM is suitable for those complex small to medium-sized data sets, the complexity, dimension 
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as well as the linearity of breast cancer data set is higher than that of Parkinson’s data set, which indicates 

that linear kernel SVM tends to be more suitable in coping with breast cancer data set, corroborating our 

numerical results.  

4.  Conclusion 

In conclusion, the experiment around the three classifiers on the breast cancer data set and the 

Parkinson’s disease data set has shown that although both of the three classifiers all have their applicable 

fields, there always exist an optimal solution. For the breast cancer data set, the best classifier is Naive 

Bayes classifier, who guarantees the least possibility of False negative. On the other hand, Random 

Forest is the optimal choice with regard to the Parkinson’s disease due to its outstanding performance 

in all the five selected metrics. 

In addition, the difference between the models also contribute to the different performance in the 

same data set.  

So, it is clear that optimal classifier varies between different data sets. The difference between data 

sets, including the amount of the data, the dimension of the data, the feature of the data may cause 

completely different results. In order to cope with the problem, additional work considering data 

preprocessing like PCA (Principal Component Analysis) is expected. Other necessary works such as 

normalization process to reduce noise, introducing more parameters along with more efficient parameter 

setting methods are beneficial to the future performance of the classifiers. 

Furthermore, our experiment merely took two data sets into consideration, which limits the practical 

use of the classifiers developed during the experiment. The application prospect of the classifiers should 

not be confined to classify and predict breast cancer and PD, instead, it could be extended to multiple 

branches in multiple fields. The classifiers can be applied to brain imaging, red blood cell carcinogenesis 

around medical image segmentation, or other branches such as credit evaluation, risk assessment in 

financial industry, quality control, fault detect in industrial sector. The future of data classification and 

prediction is undoubtedly promising. 
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