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Abstract—Machine learning models most often misclassify the 

positive class in the dataset with class imbalance. Besides, a 

sophisticated model involves the hyperparameters that need to be 

tuned to the optimal values. The study aims to tune 

hyperparameters of random forest (RF) and support vector 

machine (SVM) models using 5-fold cross-validation data, to build 

the best RF and SVM for two data scenarios: the original and 

oversampling training data, and to compare the models' 

performances in either the training or testing data. The RF 

hyperparameters: the instance number in the leaf node and tree 

depth of the RF, were acquired (500, 10), respectively. Whereas, 

the SVM hyperparameters: the values of gamma and constant, 

were acquired (0.001, 500), respectively. The benchmark models 

achieved around 98% across the accuracy, precision, recall, and 

F1 score metrics. However, it performed worse on the Mathew's 

Correlation Coefficient (MCC) and Area Under the Curve (AUC):  

0.0000 and 0.5000, respectively.  The models trained on the class-

imbalance dataset failed to predict the positive class. Although the 

best RF and SVM models trained on the oversampled dataset 

perform worse than both benchmark models across four standard 

metrics, the RF best model shows improvements of approximately 

7% (from 0.000 to 0.067) and 11% (from 0.500 to 0.612) while the 

SVM best model show slightly different improvements of 

approximately 6% (from 0.000 to 0.056) and 11% (from 0.500 to 

0.611) in MCC and AUC, respectively. Both the RF and SVM 

models improve in predicting the positive class, and the best RF 

model performs slightly better. 

Keywords—Area under the curve; cross-validation folds; 
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oversampling technique 

I. INTRODUCTION 

Choosing the right decision from among the decision 
candidates will lead to the appropriate policy decision-maker. 
Decision-makers often face binary choices across fields, from 
economics to the medical sciences. Financial analysts evaluated 
the company profile, that is, features related to the practice of 
good accounting, to recommend the company's status, which is 
fraudulent or not fraudulent [1]. Nutritionists assessed the baby's 
status as stunted or normal [2]. Midwives decide whether a 
pregnant woman should give birth through surgery or give birth 
normally [3]. Unfortunately, binary-class datasets, particularly 
medical datasets, often exhibit class imbalance. The severity of 

imbalance with proportions of 80% vs. 20% or 90% vs. 10% is 
still classified as a standard imbalance class, as Liu et al. stated. 
[4], but the proportion of 95% vs. 5% or larger gap is categorized 
as an extreme imbalance class, as stated by Mienye and Sun[5]. 
Because class imbalance can lead machine learning models to 
perform poorly at predicting the positive class, the imbalance 
should be addressed immediately to produce a balanced class 
dataset. 

Machine learning linear models, including logistic 
regression, linear discriminant analysis, Bayesian, and naïve 
Bayes, employ a linear hyperplane as the separating boundary to 
classify instances from different classes [6]. Unfortunately, the 
linear separating boundary has many possible solution lines, and 
the optimal solution line is not unique.  A Decision tree 
categorized as a model called a random forest (RF), is a choice 
for better performance than a decision tree classification model 
[8]. Some studies have reported satisfactory performance of the 
RF model, including Speiser et al. [9], Alam et al. [10], and El-
Sappagh et al. [11]. Although RF models are relatively resistant 
to overfitting, some hyperparameters, such as the tree depth and 
the minimum number of instances required to split a leaf, 
strongly influence the optimal RF model. Tuning RF 
hyperparameters should receive significant attention to obtain 
the best RF model. Another classification model type, the 
support vector machine (SVM), is a popular model with superior 
performance on nonlinear hyperplane boundaries [12]. 
Nevertheless, determining an optimal SVM model is difficult 
[13]. The SVM with a radial basis function (RBF) kernel has 
two hyperparameters: a constant term, which is the inverse of 
the regularization term in the SVM objective function, and a 
gamma parameter, which controls the width of the RBF kernel 
[14]. As with RF modeling, tuning the SVM hyperparameters 
should receive significant attention. The works conducted by 
Kumar et al. [15], Bektaş [16], and Ganaie et al. [17] are some 
examples of applications of the SVM classification model. 
Again, both hyperparameters of the SVM with the RBF kernel 
must be tuned systematically to obtain the optimal SVM model. 
The performance evaluation metric is another critical factor in 
determining the best model [18]. A confusion matrix was used 
to compute performance metrics [19]. Using different metrics 
for model performance evaluation can lead to different best 
models, particularly in imbalanced-class classification. 
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There are three central issues encountered in developing the 
best RF and SVM models: oversampling to address class 
imbalance, tuning the model's hyperparameters using 5-fold 
cross-validation, and evaluating model performance using six 
metrics. The imbalanced-class problem is addressed using 
oversampling, as employed by Kovács [20] and Xu et al. [21], 
which can significantly improve model performance in 
classifying instances from the positive class. The 
hyperparameters of both models were tuned systematically 
using k-fold cross-validation, as in Passos and Mishra [22] and 
Nematzadeh et al. [23]. They randomly partitioned the training 
set into k folds, yielding k pairs of training and validation sets. 
The performance of both the optimal RF and SVM models will 
be evaluated by not only four famous metrics, that is, accuracy, 
precision, recall, and F1 score [24], but also MCC and AUC 
metrics that should measure the shifting prediction of models to 
the positive class[25]. 

The research goals are to develop the best RF and SVM 
models by oversampling for class imbalance and tuning the 
models' hyperparameters using cross-validation data. The RF's 
optimal hyperparameters (minimum number of instances per 
tree leaf and tree depth) and the SVM's optimal hyperparameters 
(constant and gamma values) were determined by averaging the 
k-fold validation accuracies obtained via grid search. The 
models with optimal hyperparameters of both RF and SVM 
were trained using either the training set or the oversampled 
training set.  The best model's performance is evaluated on the 
training and test data using six metrics. Furthermore, the 
important features of the best RF model are explored. The rest 
of the sections are organized as follows: reviewing the related 
works given in Section two, the material data and proposed 
methods are explored and explained in Section three, the results 
consisting of the hyperparameter tuning, the model’s 
performance, and the discussion presented in Section four, and 
finally, Section five presents the conclusion. 

II. RELATED WORKS 

The dataset characteristics, such as high dimensionality and 
imbalanced classes, tend to influence the machine learning 
model's performance. In fact, two issues can arise across all 
aspects of human life, including business (e.g., predicting 
fraudulent firms [26]), industry (e.g., manufacturing quality 
prediction [27]), and public health (e.g., cancer classification 
[28]). Fraud business, unusual products, and cancer patients are 
minority groups that control the class imbalance in the dataset.  
Some efforts have been made to handle class imbalance to 
improve classifier performance. The techniques range from 
simple methods with basic principles to creating a balanced class 
through random sampling without replacement, employing 
oversampling or under sampling methods [29] to sophisticated 
techniques that were innovated either by hybridization between 
simulated annealing algorithm for under-sampling and machine 
learning model [30] or ensemble techniques that concern on 
combining individual techniques such as under sampling 
technique, Real Ada-boost, cost-sensitive weight modification, 
and adaptive boundary decision strategy to acquire classifier 
models with better performance[31]. 

The deployment of artificial intelligence across most aspects 
of human life has made machine learning methods a popular 

approach and a challenging area of research. In general, machine 
learning techniques are grouped into unsupervised and 
supervised methods based on whether a target feature is 
available [32]. A popular method in unsupervised learning is 
clustering, which groups similar instances into the same group 
[33]. The other unsupervised method, namely the ranking 
method (e.g., the Analytic Hierarchy Process), is often used in 
decision support systems [34]. When the target feature has a 
numerical scale, the appropriate model is called a regression 
model, which can be used to predict [35] or forecast future value 
[36]. The supervised predictive modeling technique that uses the 
target feature category is known as a classification model [37]. 
The categorical target features can be binary [38] or multiclass 
[39]. 

Classification models for binary classification can have 
either a linear decision boundary, such as logistic regression [40] 
and linear discriminant analysis [41], or a nonlinear one, such as 
a decision tree [42] and a support vector machine [43]. The 
decision tree implemented in various fields outperformed the 
other machine learning models.  The ensemble of decision tree 
models creates a random forest (RF) model that not only 
mitigates the disadvantages of the decision tree model, such as 
reducing the risk of overfitting, but also achieves higher 
performance than the DT model [44]. The RF classifier 
performed very satisfactorily for the brain-stroke classification 
by Subudhi et al. [45] and for Arabic sentiment analysis of social 
media related to COVID-19 conspiracy theories by Al-Hashedi 
et al. [46]. Nevertheless, similar to the DT model, the RF model 
also has hyperparameters that should be tuned systematically. 

Another classification model with a different approach is the 
support vector machine (SVM), which uses a hyperplane as the 
decision boundary [47]. When the decision boundary is complex 
and nonlinear, SVMs outperform logistic regression [48] and k-
means clustering [49]. It also performs comparably to neural 
network ensembles and boosted shallow trees [50]. The superior 
performance of both RF and SVM has prompted numerous 
researchers to compare them, including fraud detection in credit 
card transactions by Hussain et al. [51], classification of invasive 
and expansive species by Sabat-Tomala et al. [52], and 
optimization modeling of callus growth and development in 
Cannabis sativa done by Hesami and Jones [53].  Based on the 
above-cited research, RF and SVM show comparable 
performance, with the difference between the two models not 
significant. The model's hyperparameters should be adequately 
tuned to improve the model's performance. Efforts to find the 
RF-optimal hyperparameters were carried out using various 
approaches, including the grid search technique [54], Bayesian 
optimization [55], and an RF model hybridized with a genetic 
algorithm [56].  On the other hand, the SVM/s hyperparameters, 
i.e., gamma value and kernel parameter, became the focus of 
SVM's hyperparameter tuning. Al-Mejibli et al. [57] 
investigated SVM performance across hyperparameters (e.g., 
gamma values) and kernel parameters. Wainer and Fonseca [58] 
employed grid search, random search, Bayesian optimization, 
simulated annealing, particle swarm optimization, Nelder Mead, 
and others as methods for SVM tuning hyperparameters. 

High-dimensional features and class imbalance are not only 
common challenges in building machine learning models but 
can also lead to poor classifier performance. The 
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implementation of artificial intelligence across most aspects of 
modern human life has brought machine learning to the forefront 
as a popular method and a central challenge in the field. It 
assumes that both RF and SVM will perform satisfactorily, high-
performing classifiers for predicting instances with an unknown 
label when trained with optimal model hyperparameters, so their 
hyperparameters must be tuned systematically. Comparing the 
optimal RF and SVM performance remains a challenging 
research topic, especially for class-imbalanced datasets. 

III. THE MATERIAL AND PROPOSED METHOD 

The dataset containing 52159 patient records for joint 
replacement surgery is a preprocessed subset of a data mining 
project. The original data were published as public data and were 
collected from a Taiwanese hospital in 2021. The target feature, 
the outcome, had binary classes (infected or uninfected) and 
should be influenced by 29 predictors consisting of categorical 
and numerical features. Table I presents the categorical features 

and their associated label distributions. Table II presents the 
numerical features and their corresponding basic statistics, i.e., 
the minimum, maximum, and variance for each feature. 

Table I presents all features followed by their class 
distribution. The target feature (outcome) has two labels: not 
infected (class_0) or infected (class_1), with a label distribution 
of [51280, 879], indicating that the target feature is highly class-
imbalanced. The not-infected class dominated the infected class, 
accounting for 98% of the dataset. This means that simply 
guessing an unknown instance label, without using a classifier, 
will achieve 98% accuracy. There are 17 categorical predictors 
in the dataset. where their distribution is 11 features with two 
classes, two features with three classes, and the remaining 
features with 4, 6, 14, and 16 classes. Predictors with two classes 
dominate the others, and their class frequencies are 
heterogeneous. Nevertheless, the predictor features have a more 
balanced class distribution than the target feature. 

TABLE I.  THE CATEGORICAL FEATURES AND THEIR LABEL DISTRIBUTION 

Feature Name Distribution Label 
Labels 

number 
Feature Name Distribution Label Labels number 

Outcome [51280, 879] 2 Commercial_ALBC [47355, 4804] 2 

Psychoses [51999, 160] 2 Drain [38550, 13609] 2 

Alcohol Abuse [51541, 618] 2 Paralysis [52025, 134] 2 

Coagulopathy [51802, 357] 2 SEX [34786, 17279] 2 

Solid Tumor without Metastasis [50089, 2070] 2 Non_commercial_ALBC [30418, 21741] 2 

Peptic Ulcer Disease, excluding bleeding [49244, 2915] 2 Anemia [51510, 629, 20] 3 

Rheumatoid Arthritis/collagen [49890, 2269] 2 Psychiatric disorder [51114, 986, 59] 3 

Cancer history [50001, 1964, 193, 1] 4 

Diagnosis [40786, 7023, 2038, 1310, 906, 96] 6 

elx_index [29700, 9366, 6165, 3474, 1768, 898, 464, 188, 74, 32, 18, 9, 2, 1] 14 

cci_index [35002, 8003, 4343, 2301, 1172, 656, 289, 131, 117, 84, 29, 13, 12, 4, 2, 1] 16 

 

TABLE II.  THE NUMERICAL FEATURES AND THEIR SIMPLE STATISTICS 

Feature name Min. Max. Var. 

CBC_Platelet 16.1 992 1509.13 

AGE 12 99 148.93 

LOS 1 72 8.35 

OP_time_minute 2 1539 1030.98 

OP_time_hour 0.03 25.65 0.29 

BUN 1.8 140.67 25.76 

GOT 4 15643 4824.68 

GPT 2 506 171.28 

ALB 2 7.01 0.17 

Na 22.1 169.32 3.07 

K 2.3 8.13 0.17 

UA 1.1 18.74 0.8 

The predictors with numerical scales and their simple 
summaries are displayed in Table II. There seems to be a clear 

issue with a commensurate measure. Among the features, there 
are not only significant gaps in the range statistic but also very 
heterogeneous variances. In addition, the incomparable unit 
scales are resolved by converting them into standardized normal 
scores. Finally, all numerical predictors have an N (0,1) 
distribution and the range of [-3, 3]. 

The study builds the best RF and SVM classifiers, with the 
model development stages covering 4 main processes 
sequentially: addressing the class imbalance with oversampling, 
using cross-validation data in the hyperparameters tuned, 
training the model candidates employing the obtained 
hyperparameters, and assessing the model's performance on six 
performance metrics for both the training and testing data. 
Before splitting the dataset into training and testing data. The 
preprocessing step converts the original scale to Z-scores to 
ensure a commensurate measure is obtained. Fig. 1 displays the 
steps for building the SVM classifier model; the steps for 
building the RF classifier model are similar, except for 
performing PCA and using both standardized and categorical 
data as inputs. 
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Fig. 1. The steps of the building SVM classifier. 

A. The K-Folds Cross-validation to Create Pairs of Training 

and Validation Sets 

Splitting a dataset into training and test data is a fundamental 
step in machine learning modeling, as the test data is needed to 
assess how well the model performs. Usually, the dataset is 
randomly split into 80% for training and 20% for testing.  Most 
machine-learning models involve hyperparameters that should 
be carefully tuned [59]. The k-fold cross-validation method is a 
popular approach that requires substantial computational effort 
to obtain the optimal hyperparameters of machine learning 
models [60]. Fig. 2 describes splitting the dataset into training 
and test sets, dividing the training set into 5 folds, and finally 
creating pairs of training and validation sets. In detail, the stages 
in producing the training and validation sets are as follows. 

• The validation set was the first fold, and all succeeding 
folds were the training set. 

• The validation set was the second fold, and the other 
folds were the training set. 

• The validation set was the third fold, and the other folds 
were the training set. 

• Finally, the validation set was the k-fold, and all 
preceding folds were the training set. 

After the domain values of the hyperparameters that cover 
the optional ones are determined, the model's candidate with a 
hyperparameter pair is trained on the training set, and 
performance is evaluated on the validation set using the 
accuracy metric. The trained model with the highest average 
accuracy was selected via grid search [61]. 

 
Fig. 2. Formatting the dataset to produce pairs of the training and validation 

sets. 

B. Random Forest Classifier Model 

The Random Forests (RF) method was proposed by Leo 
Breiman in 2001. It is an ensemble method designed explicitly 
for decision tree classifiers. There are two sources of 
randomness: bagging and a random input vector. Bagging 
means that each tree was grown using a bootstrapped sample of 
the data. A random input vector was used at each decision node, 
where the best split was chosen from a random sample of m 
features or a subset of attributes instead of all attributes [62]. 

Fig. 3 depicts the steps for building the RF model. They 
include selecting the M-dimensional predictors from the dataset, 
setting m < M, randomly selecting the m predictors, and 
calculating the information gains (IG).  Furthermore, determine 
the splitting feature with the highest IG value. The RF algorithm 
was presented as follows[63]: 

for 𝑏 = 1 to 𝐵, 

• Take the bootstrapped dataset (Db) with size 𝑁 from the 
D dataset. 

• Grow the decision tree (𝑇b) based on 𝐷b, and repeat the 
steps for each decision node until the leaf node. 

o Select 𝑚 of M features randomly with (m < M) 

o Compute the IG of the m features 

o Select the best splitting feature and the IG  

o Divide the node into two child nodes 

• The RF output was yielded by the majority vote. 

 

Fig. 3. The concept of developing the RF model. 
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The RF's hyperparameters, including the tree depth and the 
number of instances per tree leaf node, should be determined 
fairly. The grid search method selects the hyperparameter pair 
with the highest average accuracy obtained from evaluating the 
trained RF on 5-fold validation data. 

C. Modeling Support Vector Classifier Model 

The conventional classifier models, namely logistic 
regression (LR) and Fisher linear discriminant (FDL), do not 
have a unique decision boundary due to their lack of well-
definedness. An example of a well-defined classifier model is a 
support vector machine (SVM). The decision boundary of the 
SVM is produced by maximizing the distance between the 
boundary and the nearest instances. The SVM model is known 
as the maximum-margin classifier. 

 
Fig. 4. The SVM model including the decision boundary and support 

vectors. 

The margin of an SVM classifier is the smallest distance 
between the decision boundary and any training instance, called 
a support vector[64]. Fig. 4 describes the relationship among the 
components of an SVM model, including the decision boundary 
(separating hyperplane), decision margin, and support vectors. 
A support vector is a training point that lies on the decision-
margin line. The SVM concept involves finding support vectors 
that minimize the distance between the two decision-margin 
lines. In other words, the SVM task is the same as maximizing 
the vectors of x nearest to the decision boundary[65]. 

Fig. 4 depicts three kinds of points in the SVM modeling: 
points well-classified are (𝑦𝑖(𝑤𝑇 ∙ 𝑥 + 𝑤0) ≥ 1), points lying 
within the margin are ( 0 <  𝑦𝑖(𝑤𝑇 ∙ 𝑥 + 𝑤0) < 1 ), and 
misclassified points are ( 𝑦𝑖(𝑤𝑇 ∙ 𝑥 + 𝑤0) < 0 ). Eq. (1) 
describes the three types of points in the SVM model.   

𝑦𝑖(𝑤𝑇 ∙ 𝑥 + 𝑤0) ≥ 1 − ξ𝑖                     () 

where ξ𝑖 ≥ 0, is the slack variable. The problem formulation 
in SVM modeling maximizes the margin and minimizes the 
slack variable. Mathematically, the formulation is presented by 
Eq. (2) as follows: 

minimize 𝐽(𝒘, 𝑤0 ,ξ) =  
1

2
||𝑤||2 + 𝐶 ∑ ξ𝑖          () 

Subject to 

 𝑦𝑖(𝑤𝑇 ∙ 𝑥𝑖 +  𝑤0) ≥ 1 − ξ𝑖    ξ𝑖 ≥ 0 

Consider Eq. (2) and rewrite it by adding the Lagrange 
multiplier to produce Eq. (3) as follows: 

ℒ(𝑤, 𝑏, 𝛼, ξ) =  
1

2
𝑤𝑇𝑤 + 𝐶 ∑ ξ𝑖 −𝑖 ∑ 𝛼𝑖(𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) − 1 +𝑖

ξ𝑖) − ∑ 𝛽𝑖𝑖 ξ𝑖           () 

Where are 𝛼𝑖  ≥ 0,  and 𝛽𝑖  ≥ 0, ∀i = 1,2,3, … , N . 
Minimize ℒ(𝑤, 𝑏, 𝛼, ξ)  through setting ∇ ℒ(𝑤, 𝑏, 𝛼, ξ) = 0 . 
Furthermore, by rewriting the dual problem formulation given 
in Eq. (4) as follows [66]: 

ℒ(𝒘, 𝑏, 𝛼) = ∑ 𝛼𝑖𝑖 −  
1

2
∑ ∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝑥𝑖𝑥𝑗𝑗𝑖       () 

Subject to: 

∑ 𝛼𝑖𝑦𝑖 = 0 𝑎𝑛𝑑 0 ≤ 𝛼𝑖  ≤ 𝐶  ∀i = 1,2,3, … , N  
𝑖

 

The inverse of the regularization (C constant) is a crucial 
hyperparameter for the SVM. The C value describes the 
behavior as follows: as C increases, the model overfits. In 
contrast, as C decreases, the model underfits. 

Consider the last term of Eq. (4) that can be replaced with a 
kernel function that serves as a nonlinear mapping from a low-
dimensional to a high-dimensional feature space, thereby 
resulting in a simple form of the optimization problem. The 
method is known as the kernel trick. Furthermore, the formula 
for a kernel function is given as follows: 

 𝑘(𝑥1 ,𝑥2) = 〈𝜑(𝑥1), 𝜑(𝑥2)〉 where k and 𝜑 respectively are 
the kernel and the feature map. The decision function of the 
SVM model in the space of feature-map is stated as follows: 

𝑦(𝑥) =  𝑤𝑇∅(𝑥) + 𝑏    𝑤 = ∑ 𝑎𝑛𝑡𝑛∅(𝑥𝑛)𝑁
𝑛=1  

An instance x with unknown class is classified by involving 
a kernel with the formula as follows: 

𝑦(𝑥) = ∑ 𝑎𝑛𝑡𝑛𝑘(𝑥, 𝑥𝑛) + 𝑏𝑁
𝑛=1   where 𝑡𝑛 is the target class, 

and the bias b is calculated by the formula as follows: 

𝑏 =
1

𝑁ℳ
 ∑ (𝑡𝑛 − ∑ 𝑎𝑚𝑡𝑚𝑘(𝑥𝑛 ,𝑥𝑚)𝑚∈𝑆 )𝑛∈ ℳ   

Both formulas of w and b are obtained by satisfying the 
constraints of the Karush Kuhn Tucker (KKT). 

Whereas the Radial Basis Function (RBF) kernel is 
presented as follows: 

𝑘(𝑥, 𝑥𝑙) = 𝑒𝑥𝑝 (−
||𝑥−𝑥𝑙||2

2𝜎2 )                    () 

The denominator in Eq. (5) is referred to as the gamma value 
only for the RBF kernel. Gamma is a model hyperparameter for 
the RBF kernel. The gamma value has a behavior: when gamma 
increases, the SVM overfits, and when gamma decreases, the 
SVM underfits. 

D.  Classifier Model Performance Metrics 

The metrics for evaluating the classifier's performance are 
calculated using a confusion matrix. The confusion matrix 
elements are presented in Eq. (6) as follows: 

𝑐𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛 𝑚𝑎𝑡𝑟𝑖𝑥 =  [
𝑇𝑁 𝐹𝑁
𝐹𝑃 𝑇𝑃

]             () 

Where are TN, FN, FP, and TP representing true negatives, 
false negatives, false positives, and true positives, respectively 
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[67]. The study employs the six metrics to evaluate the classifier 
model’s performance, presented in Eq. (7) as follows: 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

(𝑇𝑃+𝐹𝑃)

𝑅𝑒𝑐𝑎𝑙𝑙 = 
𝑇𝑃

(𝑇𝑃+𝐹𝑁)

𝐹1 𝑠𝑐𝑜𝑟𝑒 =  
2×𝑅𝑒𝑐𝑎𝑙𝑙×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

(𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)

𝑀𝐶𝐶 =  
𝑇𝑃×𝑇𝑁−𝐹𝑃×𝐹𝑁

√(𝑇𝑃+𝐹𝑃)×(𝑇𝑃+𝐹𝑁)×(𝑇𝑁+𝐹𝑃)×(𝑇𝑁+𝐹𝑁)

 𝐴𝑈𝐶 =  ∫ 𝑅𝑂𝐶(𝑥)𝑑𝑥
1

0

       () 

Performance metrics, including accuracy, precision, recall, 
and F1 score, are widely used to evaluate classifier models in 
binary classification with balanced classes. Two other metrics, 
namely Matthews Correlation Coefficient (MCC) and Area 
Under the ROC Curve (AUC), were employed to evaluate the 
classifier's performance more comprehensively [68]. 

The MCC metric is widely used to evaluate the performance 
of classifier models in biomedical research. Both MCC and 
AUC are elective metrics for reaching a consensus on the best 
practices for the development and validation of predictive 
models for personalized medicine[69]. The AUC value ranges 
from 0.0 to 1.0, describing the capability of the binary classifier 
to separate instances of the positive class (class_1) from 
instances of the negative class (class_0). 

IV. PERFORMANCE METRICS OF CLASSIFICATION MODEL 

A commensurate measure of the dataset's numerical features 
is the first issue encountered during preprocessing. The 
numerical predictors with the heterogeneous unit scale are 
converted to standardized Z-scores with a mean of zero and a 
variance of one. The advantage of standardized data is that it is 
straightforward to identify the extreme values. The value of a 
feature of an instance is considered an outlier when the absolute 
Z-score exceeds 3 in the instance where an outlier value of any 
feature is dropped from the dataset. Although the action entails 
a risk of dropping an instance from the minority class, further 
observation to identify the factors underlying the occurrence of 
extreme features was not straightforward. The former version of 
the dataset used an incomparable unit scale, and there were no 
outliers in either the training or testing data. 

A. Do Over Sampling and Format the Training and 

Validation Subsets 

The dataset with all predictor features was randomly split 
into training (80%) and testing (20%) sets. The random forest 
(RF) and support vector machine (SVM) models were 
developed using a training set and five pairs of training and 
validation subsets for hyperparameter tuning. The test set serves 
as out-of-sample data to evaluate the performance of the best 
model, i.e., the one with the optimal hyperparameters. Because 
the dataset is imbalanced, the issue must be addressed by 
oversampling. For simplicity, the research oversampled the 
training data only once before dividing the training set randomly 

into five cross-validation folds. The target feature has a class-
label distribution of [class_0, class_1] = [36155, 611], indicating 
an imbalance. Oversampling was performed on the lower-
frequency class (class_1) until its frequency matched that of 
class_0. Fig. 5 shows that both classes had the same frequency. 

 
Fig. 5. The class distribution after oversampling. 

By applying oversampling, the class_1 frequency increased 
from 611 to 36155, bringing the total number of instances in the 
oversampled training set to 72310. Oversampling introduces a 
trade-off in model training, and hyperparameter tuning requires 
longer processing time. Furthermore, the oversampled training 
set was randomly split into five folds, producing five pairs of the 
training and validation subsets. The number of instances in each 
validation subset was 14462. The training subset was used to 
train model candidates with a given associated hyperparameter 
pair, whereas the validation subset was used to calculate the 
model's accuracy. Each pair of hyperparameters was used to 
train a model candidate on five training subsets, producing five 
accuracy values on five validation subsets. The average 
accuracy indicates the model's performance on the pair of 
hyperparameters. 

B. Tuning Hyperparameters of Random Forest Classifier 

The research builds an RF classifier model that considers not 
only tree depth but also the number of instances per leaf node as 
hyperparameters. Both are expected to affect the RF's 
performance significantly. Their ranges are first determined by 
trial and error to cover the optimal value. Furthermore, the first 
hyperparameter was set to [300, 500, 700, 1000, 1200], and the 
second one to [7, 8, 9, 10, 12, 14]. The RF model candidate was 
trained by evaluating each hyperparameter pair on four folds of 
training data, then calculating the accuracy metric on the 
remaining fold as validation data. There are not only five pairs 
of training and validation data but also five pairs of 
hyperparameters; as a result, each pair of training and validation 
data is used 5 times to train an RF model. The accuracy metric 
of each trained RF model is calculated on its corresponding 
validation data. The model's accuracy for a pair of 
hyperparameters was calculated and recorded. The average 
accuracy represents the RF model's performance across the pair 
of hyperparameters. Fig. 6 is a heatmap of the average accuracy 
across 30 cells. 
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Fig. 6. The average accuracy presented in a heatmap. 

Fig. 6 shows the RF's performance: average accuracy 
increases with tree depth. For example, at a tree depth of 10, the 
average accuracy increases by around 6% when the tree depth 
increases by around two points. On the other hand, a different 
pattern emerges when the tree depth exceeds 10, with the RF's 
performance increasing less than at the preceding depth level. 
There is only a marginal increase in the RF's performance of 
approximately 4% as the tree depth increases from 10 to 12 
points.  The phenomenon indicates that the model overfits when 
the RF tree depth exceeds 10. The number of instances per leaf 
node does not significantly affect the shift in mean accuracy. RF 
performance at a tree depth of 10 is in the range [0.828, 0.830]. 
The highest mean accuracy occurs with the cell hyperparameter 
pair (500, 10). The obtained hyperparameter pair is used to train 
the RF model on the oversampled training data. The confusion 
matrix of the optimal RF model is presented for the training and 
testing data, as presented in Table III: 

TABLE III.  THE OPTIMAL RF MODEL CONFUSION MATRIX 

Actual 

value 

Prediction training Prediction testing 

Class_0 Class_1 Class_0 Class_1 

Class_0 26329 9826 6512 2511 

Class_1 36 575 84 85 

Table III displays the confusion matrices for the optimal RF 
model on both the training and test data with the hyperparameter 
pair (500, 10). The best RF incorrectly classified 9826 of 36155 
instances in the negative class (class_0) on the training data and 
incorrectly classified 2511 of 9023 instances in class_0 on the 
testing data. On the other side, the best RF incorrectly classified 
36 of 611 instances in the positive class (class_1) in the training 
data and incorrectly classified 84 of 169 instances in class_1 in 
the testing data. 

C. Tuning Hyperparameter of the Support Vector Classifier 

Model 

In developing the support vector machine (SVM) classifier, 
the constant and gamma hyperparameters are tuned using cross-
validation. The optimal hyperparameter range was determined 
carefully.  First, the SVM model candidate was trained with a 
given constant value and various gamma values to identify the 
gamma value with the highest accuracy, and select it as the 

selected gamma value. Furthermore, the SVM model was 
retrained with the selected gamma and various constant values. 
Finally, the sets of gamma and constant values are obtained as 
[0.0001, 0.0005, 0.001, 0.005, 0.01] and [100, 500, 1000, 3000, 
5000, 10000]. For each hyperparameter combination (30 pairs), 
an SVM model candidate was trained on the training set (the 
union of the four folds), and the accuracy on the associated 
validation set (the remaining fold) was calculated. The average 
accuracy across all folds and gamma-constant pairs is presented 
as a heat map in Fig. 7. 

 
Fig. 7. The heat map of the SVM average accuracy. 

Fig. 7 shows the average accuracy of the SVM model 
candidates in gamma coordinates and constant hyperparameter 
coordinates.   They appear to be randomly distributed and 
compete tightly with one another. The highest accuracy was 
achieved with the pair [0.001, 500] for the gamma and constant 
values, respectively. The hyperparameter pair for the SVM 
model achieved an average accuracy of 0.668. Furthermore, the 
hyperparameter pair (0.001, 500) was used to train an SVM 
candidate model on the oversampled training data, and the 
confusion matrices for both the training and test sets are 
presented in Table IV. 

TABLE IV.  THE SVM MODEL CONFUSION 

Actual 

value 

Prediction training Prediction testing 

Class_0 Class_1 Class_0 Class_1 

Class_0 22813 13342 5461 3562 

Class_1 192 419 65 104 

Table IV displays the confusion matrix of the best SVM, in 
which the classifier model incorrectly classified 13342 of 36155 
instances of the negative class (class_0) in the training data and 
incorrectly classified 3562 of 9023 instances of class_0 in the 
testing data. In addition, the best SVM model incorrectly 
classified 192 of 611 instances of the positive class (class_1) in 
the training data and incorrectly classified 65 of 169 instances of 
class_1 in the testing data. The best SVM model performs better 
in classifying the class_1 instance in the testing data than the 
best RF model does. Nevertheless, the best RF outperformed the 
best SVM on the training data. The best SVM model's average 
accuracy, displayed in the heat map, showed a random 
distribution, suggesting it has no evidence of overfitting. 
Nevertheless, it should be noted that training the SVM model on 
the 5-fold validation data took longer than training the RF 
model. 
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D. The Models' Performance Comparison and the Important 

Features 

The comparison of the best RF and SVM models was 
conducted in the six performance metrics, i.e., accuracy, 
precision, recall, F1 score, MCC, and AUC, on both the training 
and testing data. In addition, the acquired optimal 
hyperparameters were employed to train both models, using the 

original training data (rather than the oversampled training data) 
as the benchmark. Table V displays the benchmark and the best 
model's performance on both the training and testing data. Table 
V consists of two primary columns: the first presents RF 
performance, and the second presents SVM performance. Each 
primary column contains four columns: the first and second 
columns present the benchmark model performance, and the two 
remaining columns display the best model's performance. 

TABLE V.  THE BEST RF AND SVM PERFORMANCE COMPARISON METRICS 

Performance measures 

Random Forest (RF) Support Vector Machine (SVM) 

Benchmark Best model Benchmark Best model 

Training Testing Training Testing Training Testing Training Testing 

Accuracy 0.984 0.982 0.732 0.718 0.983 0.982 0.632 0.605 

Precision 0.980 0.960 0.980 0.970 0.970 0.970 0.970 0.980 

Recall 0.980 0.980 0.730 0.720 0.980 0.980 0.630 0.610 

F1-score 0.980 0.970 0.830 0.820 0.970 0.980 0.760 0.740 

MCC 0.150 0.000 0.190 0.067 0.000 0.000 0.085 0.056 

AUC 0.512 0.500 0.835 0.612 0.500 0.500 0.658 0.611 

 

On the training data, the RF benchmark model achieved 98% 
across four metrics: accuracy, precision, recall, and F1 score. 
Furthermore, it achieved the MCC and AUC metrics of 15% and 
51.2%, respectively. The best RF model performs worse than the 
RF benchmark across four metrics. However, it achieves the 
same precision as the RF benchmark and improves by 4% and 
32.3% in MCC and AUC metrics, respectively. 

The RF model's performance is assessed on the test data; the 
RF benchmark outperforms the best RF in three metrics, namely 
accuracy, recall, and F1 score, by 26.4%, 26%, and 15%, 
respectively. However, the best RF outperforms the RF 
benchmark in precision, MCC, and AUC, with improvements of 
1%, 6.7%, and 11.2%, respectively. The RF benchmark achieves 
an MCC of 0% and an AUC of 50%, which is equivalent to a 
coin toss; thus, the RF benchmark model has no performance. 
Mathematically, an MCC of 0% is obtained when the numerator 
in the MCC formula equals 0, i.e., when both the true positives 
(TP) and false positives (FP) are 0. Although the best RF model 
performed below the RF benchmark on three standard metrics, 
it significantly outperformed MCC and AUC, which were 6.7% 
and 61.2%, respectively. Oversampling increased the MCC and 
AUC by 6.7% and 11.2%, respectively. 

When evaluated on the training set, the benchmark SVM 
model achieved the same precision (97%) as the best SVM 
model, and the two models showed a performance difference of 
35.1%, 35%, and 21% for accuracy, recall, and F1 score, 
respectively. Furthermore, the best SVM outperformed the 
benchmark by 8.5% and 15.8% in MCC and AUC, respectively. 
When evaluating the SVM models on the test set, the benchmark 
SVM model outperformed the best SVM by 37.7%, 37%, and 
24% in accuracy, recall, and F1 score, respectively. In contrast, 
the best SVM outperformed the benchmark model in precision, 
MCC, and AUC, with improvements of 1%, 5.6%, and 11.1%, 
respectively. 

The SVM benchmark's performance on the test set is nearly 
identical to that of the RF benchmark. Both benchmark models 
perform poorly, as demonstrated by an MCC of 0 and an AUC 
of 0.5. This explains why they cannot correctly predict labels for 
unknown positive-class instances on the test set. Extensive 
attempts have been made to add hyperparameters to produce a 
well-performing classifier, but to no avail. The best-performing 
RF model is similar to the best SVM model on both the training 
and test sets. On the training set, the best RF performs slightly 
better than the best SVM, with differences of 10%, 1%, 10%, 
7%, 10.5%, and 17.7% for accuracy, precision, recall, F1 score, 
MCC, and AUC, respectively. On the test dataset, the best RF 
achieves slightly higher accuracy, recall, F1 score, MCC, and 
AUC than the best SVM, with differences of 11.3%, 11%, 8%, 
1.1%, and 0.1%, respectively. The best SVM outperforms the 
best RF on all five metrics, except precision, by 1%. 

The results confirmed that oversampling to address class 
imbalance during machine learning model training does not 
always improve model performance. This is similar to the work 
done by [20], [29], and [30]. The MCC or AUC metrics clearly 
explain performance improvements. The MCC values increased 
by 6.7% and 5.6% for the best RF and SVM models, 
respectively, whereas the AUC values for both models were 
approximately 11%. Although the best RF model performs 
slightly better than the best SVM model, hyperparameter 
optimization for the RF model requires careful attention. 
Otherwise, there is a potential for overfitting problems[55]. 
Additionally, the benchmark model identified other findings 
warranting significant attention. The benchmark model achieves 
approximately 98% performance across both the training and 
test sets in four metrics: accuracy, precision, recall, and F1 score. 
However, both benchmark models performed poorly in the test 
set, as indicated by an MCC value of 0 and an AUC value of 0.5, 
where their performance was only equal to the probability of a 
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balanced coin toss[25]. The event implicitly suggests that using 
four widely used metrics to evaluate model performance on 
imbalanced binary classes is misguided. 

In machine learning modeling, assessing model performance 
on test data is crucial because it confirms the model's ability to 
classify out-of-sample data. This study presents model 
performance assessments on both training and test data to 
explicitly demonstrate that assessing model performance based 
on training data can lead to biased conclusions. The model 
performed worse on the test data, but the pattern of performance 
metrics was similar when it did not overfit [52]. Optimally 
fitting an RF model is constrained by the difficulty in 
determining the hyperparameter domain that covers optimal 
values. However, training the RF model on cross-validation data 
requires less time. On the other hand, the hyperparameter space 
of an SVM model is straightforward to determine, but training it 
on cross-validation data is more time-consuming.  

Another advantage of building an RF model is that it is a key 
feature that warrants exploration. The degree of importance of 
each feature can be used to determine the dominant features or 
for dimension reduction[10].  Developing a model that involves 
a few predictor features is preferable because the system 
mechanism underlying the model can be explained and 

interpreted well[42]. Fig. 8 presents the degree of essential 
features produced by the best RF model. 

The bar chart in Fig. 8 presents the ranking of important 
features in increasing order. The numerical features appear to 
dominate the importance measure, serving as the splitting 
features in developing the RF model. The first five important 
features are CBC_Platelet, AGE, K, GOT, and LOS, with 
importance levels of approximately 10%, 9%, 8%, 8%, and 8%, 
respectively. This indicates that the five features account for 
approximately 43% of the RF model's development. The next 
group comprises four features, each with a degree of importance 
of approximately 6%, followed by Na and GPT features with 
approximately 5%. There were five features with a degree of 
importance of roughly 3%. The importance of the first 16 critical 
features is approximately 92%. From a dimension-reduction 
perspective, 16 features account for approximately 92% of the 
dataset's total variance. The variance explained by feature 
importance represents the contribution of the original features to 
the RF model. On the other hand, the variance explained by the 
PCA transformation is the sum of the variances of the principal 
components, which are mutually orthogonal and account for the 
dataset's variance. Note that all 12 numerical features are 
considered important. 

 
Fig. 8. The best RF model’s important features. 

V. CONCLUSION 

Oversampling significantly increases the size of the training 
data, doubling it. This consumes substantial time, particularly 
when training the SVM model on cross-validation data for 
hyperparameter tuning. The optimal hyperparameters acquired 
for the RF model are (500, 10) for the number of instances per 

tree leaf and the tree depth, respectively. The optimal 
hyperparameters acquired for the SVM model are (0.001, 500) 
for the gamma and the constant, respectively. Both RF and 
SVM benchmarks achieve satisfactory performance on 4 
metrics: accuracy, precision, recall, and F1 score, all at 98%. 
However, they perform worse on 2 metrics: MCC and AUC, 

with 0% and 50%, respectively. In contrast, the best RF and 
SVM performed similarly on 6 metrics. Oversampling reduces 

both the best models across four metrics: accuracy, precision, 
recall, and F1 score, but it increases on two metrics, namely 
MCC and AUC. The best RF and SVM outperformed the 
benchmark on the MCC and AUC metrics. The performance 
gaps between the best RF and the RF benchmark are (6.7%  and 
11.2%) for the MCC and AUC metrics, respectively. Whereas 

the performance gaps between the best SVM and the SVM 
benchmark are (5.6% and 11.1%) for the MCC and AUC 
metrics, respectively. In addition, the best RF produces 
important features that can serve as predictors for other models. 
In the future, the challenging research topics should focus on 
building an RF model using the original feature scale, 

employing MCC or AUC as selection criteria to obtain optimal 
hyperparameters, and conducting oversampling on the cross-
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validation data. They are expected to significantly improve 
model performance. 
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