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Abstract  

Recent technological advancements have enabled the understanding of multi-omics data, including 

transcriptomics, proteomics, and metabolomics. Machine learning algorithms have shown promising results 

in classifying multi-omics data. The objective of this paper is to evaluate the performance of machine 

learning algorithms in classifying transcriptomics data for Alzheimer’s disease (AD) patients and healthy 

control (HC) individuals. A Synthetic dataset of varying sample sizes, dimensionalities, effect sizes, and 

correlations was generated based on actual transcriptomics data for AD patients. The dataset consisted of 

22,254 markers for 92 AD patients and 92 HC individuals. Four machine learning classifiers: naïve Bayes 

(NB), k-nearest neighbour (k-NN), support vector machine (SVM), and random forest (RF), were used to 

classify the data. The simulation was conducted using a parallel processing approach on a high-performance 

machine. Based on the error rate and F-measure, NB outperformed k-NN, SVM, and RF for high-

dimensional data. However, SVM with a radial basis kernel (RBF) kernel performed better than NB only 

when the sample size was greater than 100 per group for all dimensions. The result suggests that machine 

learning algorithms, specifically NB, can effectively classify transcriptomics data for AD patients. SVM 

with an RBF kernel is a better option for large sample sizes. This study provides valuable insights for future 

research in the classification of transcriptomics data using machine learning algorithms. 

Keywords: Alzheimer’s disease, High-dimensional data, Machine learning, Multi-omics, Simulations, 

Transcriptomics 

 

Introduction 

 High-throughput screening (HTS) is a method for scientific experimentation primarily used in drug 

discovery. HTS allows the collection of data from millions of chemical, genetic, or pharmacological tests 

[1-3]. Recent technological innovations have revolutionised the understanding of omics data, such as 

transcriptomics, proteomics, metabolomics, and other high-throughput technologies output (multi-omics). 

These data are high-dimensional and usually involve a few samples but with many features or variables [4]. 

Multi-omics studies specifically related to classification have been extensively explored recently [5-8]. The 

new RNA-Seq has replaced classical microarray as the technology for quantifying gene expression since it 

can provide less noisy data and a definite point for detecting novel biomarkers. It also does not need to pre-

arrange the transcripts of interest [9]. 
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 The breakthrough of this technology allows scientists to monitor a large amount of data to identify 

potential biomarkers for a disease, understand protein functions and their interactions, as well as elucidate 

biochemical pathways [10]. These quantitative biological problems, which are high dimensional problems, 

have necessitated new statistical and computational interventions. In other words, high-dimensional data 

require the development of novel methods, innovation or improvement of existing machine learning (ML) 

algorithms or statistical models to optimise the knowledge output from such data [11]. ML algorithms have 

shown promising results for classifying multi-omics data [12]. Since this type of data typically consists of 

many features with a small sample size, the selection of ML classifiers needs to be acclimated to solving 

the 𝑝 more than 𝑛 (features greatly outnumber the sample size) and multicollinearity issues. Many 

classifiers have been reported to cope with these issues, but the ‘there is no free lunch’ axiom of 

optimisation avows that there is no ideal algorithm that can usurp all cases [12]. 

 There are many different types of ML algorithms that have been developed, namely supervised, 

unsupervised, or semi-supervised learning. Every ML algorithm is based on distinctive mathematical 

approaches, and it is expected that, with variation in the types of samples, data, and area of application, one 

algorithm can significantly outperform others in terms of prediction accuracy [13]. With the increasing 

number of ML algorithms available, studies have been conducted to assess their performance in a particular 

situation. 

 Khondoker et al. [11] have highlighted several issues related to comparing ML studies, emphasising 

the inclusion of elements of unbiasedness and neutrality. Unbiasedness means the researcher should not 

pick a favourite online dataset to prove that some classifiers are better than others. In contrast, neutrality 

implies the use of real datasets to demonstrate the performance of ML algorithms. The problem with the 

actual dataset in comparing ML algorithms is the noise (sampling error), which will affect the performance 

measures of the classifier. Furthermore, most high-dimensional datasets, especially multi-omics datasets, 

will contain noise error problems [14]. 

 Generating a synthetic dataset is a common exercise when the real dataset is difficult to obtain due to 

budgeting, time, and privacy constraints. Normally, a synthetic dataset is generated to test the algorithms 

and newly developed algorithms, and it also allows easy verification of the algorithm’s efficiency in finding 

all distinct constructions. Numerous reasons lead to generating synthetic datasets: firstly, it provides a 

controlled testing environment for any algorithm and situation under consideration. The dataset is also 

useful for testing the scalability and robustness of new algorithms. It is safe to share openly with the public 

without worrying about the privacy and confidentiality aspects of real data [15]. 

 Furthermore, the generation of a synthetic dataset would significantly overcome the replicability 

issues. It creates a completely new dataset that imitates the real dataset and protects its statistical 

characteristics and association between the features [16]. 

 Thus, it is essential to make sure the synthetic dataset has the characteristics of an estimator at varying 

levels, such as variability, sample size, effect size, and correlation with the original dataset. There are 2 

categories for assessing the utility of a synthetic dataset. Firstly, the general utility mimics the statistical 

characteristics and multivariable association between the synthetic and actual datasets. Secondly, the 

specific utility is used to fit the synthetic model, which can be accessed by computing the lack of fit against 

a similar model in the real dataset [16]. Table 1 shows the list of related work on synthetic datasets for 

performance comparison with ML classifiers.  

 

Table 1 Related work on generating synthetic dataset from a real dataset. 

Authors Characteristics of synthetic dataset 

[11] 
Consideration of the real dataset, with imposing biological variability, experimental 

variability, correlation structures, and effect size. 

[16] 
Replacing some or all the data by sampling from the probability distribution is similar to 

multiple imputations. 

[15] 
Generating data using visual characteristics to model the visual trends of an actual dataset. 

The edge length, graph length, and graph diameter were used to create the dataset. 

[17] 
Randomly choose the variable from the original dataset and change the value randomly with 

consideration of the probability distribution. 

[18] 
Replicating the SEIR model and imposing the binomial probability distribution on the 

synthetic dataset. 
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This study is intended to fill in the gap by developing a synthetic dataset that can imitate the actual 

dataset. Most of the previous research did not consider the element of correlation between independent 

variables. For the real multi-omics data, there are a lot of markers that are correlated with each other. Thus, 

the synthetic dataset should follow the distribution of the real dataset and the correlation effects between 

the markers. 

Three schools of thought can be followed to compare the performance of ML algorithms. First, by 

analytically comparing the distribution theory with the performance of the estimator. Second, by using a 

statistical test to consider the sampling variability of the estimates (or estimators), Third, by repeatedly 

estimating the performance measure based on the simulated data and averaging the sampling variability 

from the estimated threshold. 

Based on Hanczar and Dougherty [19], synthetic data permits the computation of true error for 

comparison of classification performance, whereas direct comparison or experimentation using actual 

datasets is usually inconclusive as the characteristics of datasets differ. Comparison of ML algorithms’ 

performance using synthetic data via simulation is strongly suggested, as some parameters can be controlled 

and the pattern of the classifiers’ performance can be evaluated [19]. 

Thus, this study investigates the performance of ML algorithms using synthetic data (simulated data) 

under the conditions of different sample sizes, the number of features (dimensionalities), effect size, and 

correlation. An extensive simulation procedure was employed to compare the performance of 4 ML 

algorithms, which are naïve Bayes (NB), k-Nearest Neighbour (k-NN), support vector machine (SVM), and 

random forest (RF). The simulation was carried out using a parallel processing approach on a high-

performance machine. We evaluated the ML algorithms by considering several features (𝑝), sample size 

(𝑛), and effect size, which were correlation coefficient (𝑟), biological variation (𝜎𝑏) and experimental 

variation (𝜎𝑒). 

The novelty of this paper is as follows: 1) Development of a synthetic dataset that can imitate the real 

dataset for 2 groups and allow the adjustment of correlations and variations of the data based on the original 

dataset. 2) The foundation of the ML classifiers that work well on the high and low dimensional states of 

the data. This paper is organised as follows: Section 2 describes classification using ML algorithms for 

high-dimensional data, while the methodology is explained in detail in Section 3. The results and discussion 

of the findings are presented in Section 4, and Section 5 concludes the paper. 

 

Machine learning for performance comparisons 

Classification methods 

Classification methods can be divided into 2 types: Probabilistic and non-probabilistic outputs. In the 

probabilistic output, we can compute the probability of the output variable [20]. Naïve Bayes (NB), support 

vector machine (SVM), and random forest (RF) produce the probability of the output variable, while k-

nearest neighbour (k-NN) only determines the class label of the output variable. The 4 classification 

algorithms are described in detail in the following sections.  

 

Naïve Bayes 

Naïve Bayes (NB) classifier is widely used in many areas, such as text mining, pattern recognition, 

accounting, and biomedical research. It is in the family of simple probabilistic classifiers that depend on 

Bayes’ theorem. The required assumption is that all variables are independent of each other, given a 

categorical output variable. It is remarkably robust in practical applications, and the performance is ‘non-

disappointing’ [21,22]. 

NB classifier learns from the conditional probability of each feature 𝑋𝑖 given that class label 𝐶 

(P(𝑋𝑖|𝐶)) from the training data. The classification is performed by applying Bayes’ rule to compute the 

probability of 𝐶 given the specific features of 𝑥1, 𝑥2, 𝑥3, … . , 𝑥𝑑. Then a case will be classified into a class 

label with the highest posterior probability.  

Let 𝐶 be a random variable representing 𝑘𝑡ℎ class label (which in this study, would be only class 1 

and class 2), and 𝑋𝑖 = {𝑥1, 𝑥2, 𝑥3, … . , 𝑥𝑑} be a vector of random variables denoting the observed feature 

values. To predict the class of a test feature 𝑋𝑖, Bayes’ theorem is used to assess the probability that 

𝑃(𝐶 = 𝑐𝑘|𝑋𝑖 = 𝑥𝑖) =  
𝑃(𝐶=𝑐𝑘)𝑃(𝑋=𝑥𝑖|𝐶=𝑐𝑘)

𝑃(𝑋=𝑥𝑖)
 [23]. Since  𝑃(𝑋 = 𝑥𝑖) is constant to all categories, 𝑃(𝑋𝑖 = 𝑥𝑖) 

in the problem equation can be ignored, and the equation can be simplified to 𝑃(𝐶 = 𝑐𝑘|𝑋𝑖 = 𝑥𝑖)  ∝
 𝑃(𝐶 = 𝑐𝑘)𝑃(𝑋𝑖 = 𝑥𝑖|𝐶 = 𝑐𝑘) [24]. 

The expected number of classification errors can be minimised by assigning data with variables vector 

𝑋𝑖 to the class 𝑐𝑘 for which 𝑃(𝐶 = 𝑐𝑘) is highest. However, we do not know the 𝑃(𝑐𝑘|𝑋𝑖) and must estimate 
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it from the data, which is difficult to do directly [25]. Bayes’ rule suggests that, instead of 

estimating 𝑃(𝑋𝑖|𝑐𝑘), 𝑃(𝑐𝑘) and 𝑃(𝑋𝑖); we should combine those estimates to get an estimate of 𝑃(𝑐𝑘|𝑋𝑖). 

Estimating 𝑃(𝑐𝑘|𝑋𝑖) would be an issue for high-dimensional data because it would involve an astronomical 

number of possible values for 𝑋𝑖 = {𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑑}. The proposed approach is to assume that the 

distribution of 𝑋 conditional on 𝑐𝑘 can be decomposed in this manner for all 𝑐𝑘, where  𝑃(𝑋𝑖|𝑐𝑘) =

∏ 𝑃(𝑋𝑖|𝑐𝑘)
𝑑
𝑖=1  [25]. So then 𝑃(𝑐𝑘|𝑋𝑖) = 𝑃(𝑐𝑘) ×

∏ 𝑃(𝑋𝑖|𝑐𝑘)𝑑
𝑖=1

𝑃(𝑋𝑖)
, where 𝑃(𝑋𝑖) =

∑ 𝑃(𝑐𝑘′) ×𝜀𝑐
𝑘′=1 ∏ 𝑃(𝑋𝑗′|𝑐𝑘′)

𝑑
𝑗′=1  which would lead the problem to the estimation of NB to 𝑃(𝑐𝑘|𝑋𝑖)̂ =

𝑃(𝑐𝑘̂) ×
∏ 𝑃(𝑋𝑖|𝑐𝑘)̂𝑑

𝑖=1

𝑃(𝑋𝑖̂)
. Since our objective for classification is to minimise the number of errors, then the 

classification of a case with vector 𝑋𝑖 to the class 𝑐𝑘 is based on the highest 𝑃(𝑐𝑘|𝑋𝑖)̂ . In addition, the 𝑃(𝑋𝑖̂) 

in the 𝑃(𝑐𝑘|𝑋𝑖)̂  problem is not explicitly computed for minimum error classification because it remains the 

same for all 𝑐𝑘. Thus, the classification would be accurate as long as the correct class has the highest value 

of 𝑃(𝑐𝑘̂) × ∏ 𝑃(𝑋𝑖|𝑐𝑘)̂𝑑
𝑖=1 . To summarise, NB classifiers have been utilised for the multi-omics dataset and 

show a promising result on the classifier’s effectiveness in terms of its performance [26-28]. 

 

k-Nearest neighbour 

The k-nearest neighbour (k-NN) algorithm is the most famous and widely used classification 

algorithm for predicting the class of a record or sample with an unspecified class based on the class of its 

neighbour. Since its inception [29,30], the k-NN has been the most preferred algorithm because it can 

manage classification and regression problems without involving complex mathematical procedures. In 

addition, the k-NN is a nonparametric method in a lazy learning algorithm, where it directly searches 

through all the training samples by calculating the distance between the testing sample and the training 

sample to identify its nearest neighbour and produce the output for classification [31-33]. Since k-NN is a 

nonparametric algorithm, it does not assume the parametric form of the decision boundary, and it can also 

handle both binary and multiclass data. 

The logical operation of k-NN can be defined as follows: Firstly, it is to determine a set of training 

samples and a query, then to find a point that is the closest to the query, and next, to assign its class label 

to the query.  

The training set is defined as 𝑇 = {𝑥𝑖 , 𝑦𝑖}𝑖=1
𝑘 , where 𝑥𝑖 ∈ ℝ𝑑 is the training vector in the d-

dimensional feature space, and 𝑦𝑖  is the class label {0,1}. There are 2 steps to assigning the unknown class 

𝑦′ from a query 𝑥′. 

The first step is to set a k nearest similar labelled targets for the query 𝑥′. The selection of the 

neighbourhood size k has a significant impact on the performance of k-NN classifiers. If k is very small, 

the local estimate tends to be very poor due to being influenced by scattered and noisy data, and ambiguous 

or mislabelled points [30]. If k is too large, the estimate would lead to over-smoothing and lose the true 

patterns in the data. To solve the problem, we searched for the best k parameter using 10-fold cross-

validation. In this step, we arranged the data to find the distance between the data points. The distance 

measures available in k-NN include Euclidean distance and standard Euclidean distance, Manhattan (city-

block) distance, Chebychev distance, angle between vectors (Angle) distance, Pearson correlation distance, 

squared Euclidean distance, Mahalanobis distance, and Minkowski distance [34]. In our work, we let 𝑇′ =
{𝑥𝑖 , 𝑦𝑖}𝑖=1

𝑘  be arranged in ascending order in terms of Euclidean distance 𝑑(𝑥′, 𝑥𝑖) between 𝑥′ 

and 𝑥𝑖;  𝑑(𝑥′, 𝑥𝑖) = √(𝑥′ − 𝑥𝑖)
𝑇(𝑥′ − 𝑥𝑖). Then in the second step, we predicted the class label by the 

majority voting of its nearest neighbours such that 𝑦′ = argmax ∑ 𝛿(𝑦 = 𝑦𝑖)(𝑥𝑖,𝑦𝑖)∈𝑇′ , where 𝑦 is the class 

label, 𝑦𝑖  is the class label for the ith nearest neighbour among its k nearest neighbour. 𝛿(𝑦 = 𝑦𝑖) is the Dirac 

delta function, taking value if 𝑦 = 𝑦𝑖  and zero if otherwise. 

The k-NN classifier was chosen in this simulation because it has shown promising results in its 

effectiveness and performance in handling multi-omics datasets in many previous literatures [35-38]. 

 

Random forest 

The random forest (RF) is an ensemble learning algorithm useful for supervised high-dimensional 

feature problems [39,40]. It was developed by Breiman [41], and has become a prominent nonparametric 

method and machine learning approach for classification and regression [42]. RF uses an ensemble 

classification tree using a bootstrap sample of the data, and at each split, the candidate set of variables is a 

random subset of the variable. In this paper, we focus on the use of RF for classification tasks. 

Assuming a training set 𝑇 with 𝑝 variables, the sample size 𝑛 and 𝑇𝑘 is a bootstrap training set sampled 

from 𝑇 with replacement containing 𝑚 random variables (𝑚 ≤ 𝑝) for 𝑛 sample size. A random tree is a 
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tree drawn randomly from a set of possible trees for 𝑚 random variables at each node [43]. The RF is a 

collection of random tree classifiers, using the CART (classification and regression tree) algorithm. 

From the training set 𝑇, the number of 𝑚 random variables are selected at random from the 𝑝 

variables, and the best variable from this set of 𝑚 is used to split the node. These values of 𝑚 are held 

constant during forest growth. Variable selection measures for 𝑚 include Entropy reduction, Gini Index, 

information gain ratio, chi-square test, F-test and Variance reduction method [44]. In the CART algorithm 

used by the RF classifier, the Gini Index is used as a variable selection measure. The Gini Index can be 

written as 𝑔𝑖𝑛𝑖(T) = 1 − ∑ 𝑝𝑗
2𝑛

𝑗=1 , where 𝑝𝑗 = 
|𝐶𝑗;𝑇|

|𝑇|
 is the relative frequency of class 𝑗 in dataset 𝑇. The 

Gini Index is the minimum value when all cases fall into a single target category and the maximum value 

when the cases are equally distributed to all classes. Besides, the weighted Gini Index of subset 𝑇𝑘, which 

will be resulting from the choice of partition 𝐴 (a discrete-valued variable); 𝐺𝑖𝑛𝑖𝐴(𝑇) =
|𝑇1|

|𝑇|
𝑔𝑖𝑛𝑖(𝑇1) +

|𝑇2|

|𝑇|
𝑔𝑖𝑛𝑖(𝑇2) [45]. The split variable function is the difference between Gini Index and the weighted Gini 

Index and is called the Gini gain ∆𝐺𝑖𝑛𝑖(𝐴) = 𝐺𝑖𝑛𝑖(𝑇) − 𝐺𝑖𝑛𝑖𝐴(𝑇). The attribute that maximises the 

reduction in the impurity is selected as the splitting variable. 

Each tree is grown to the maximum depth on new training data using a combination of the variables. 

These grown trees are not pruned [44], and the number of trees to be grown is subjective, and RF does not 

overfit when the number of trees increases [41,46]. In this paper, we chose to grow 5000 trees for RF. 

Various studies have shown the practicability of the RF classifier in handling multi-omics datasets, 

including the ability to produce highly accurate and promising parsimonious results [47-51]. 

 

Support vector machine  

Support vector machine (SVM) is a machine learning technique based on the statistical learning 

theory proposed by Vapnik [52]. The function of SVM is to create a gutter that separates the points of 2 

classes using a hyperplane line [53]. It is a supervised machine learning algorithm that trains the classifier 

function using pre-labelled data [54]. SVM is commonly explained in terms of either linear optimisation or 

gradient descent. This section discusses a brief description of SVM, starting with linearly separated data 

and followed by kernel based SVM. A complete and detailed explanation of SVM can be found in books 

by Vapnik [52] and Cristianini and Shawe-Taylor [55]. 

For linear separated classification, suppose there is a 𝑝-dimensional and 𝑁-point training dataset 

represented as {𝑥𝑖 , 𝑦𝑗}, where 𝑖 = 1,2,3, … , 𝑙,  𝑦𝑖 = ∈ {−1,1} and  𝑥𝑖 ∈ ℝ𝑑. 𝑥𝑖 are the data points and 𝑦𝑖  is 

either -1 or 1, denoting that the sample can be in class 1 or class 2. SVM tries to put a line to separate the 

vector of 𝑦𝑖  called the hyperplane by 𝐰⃗⃗ ∙ 𝐱⃗ + 𝑏 = ∑ 𝑤𝑇𝑥𝑖 + 𝑏 =𝑛
𝑖=1 0, where 𝑏 is the scalar that offsets 

from the origin [56] and 𝐰⃗⃗  is the 𝑛-dimensional vector [57]. Based on Figure 1, the optimal decision 

boundary (hyperplane) separates the samples, and the nearest support vector is maximum by (𝑤𝑇𝑥𝑖 + 𝑏) ≥
1 for 𝑦𝑖  is positive, otherwise, (𝑤𝑇𝑥𝑖 + 𝑏) ≤ −1. The optimal decision boundary (width of the gutter) is 

obtained by minimising the distance between the positive and the negative points across the hyperplane, 

which leads to min
1

2
‖𝒘‖2. By introducing Lagrange multipliers 𝛼𝑖(𝑖 = 1,2,3, … , 𝑛), from a convex 

quadratic optimisation problem, it leads to min𝑤  𝐿 =  
1

2
‖𝐰‖2 − ∑ 𝛼𝑖𝑦𝑖(𝐰

𝑇𝑥𝑖 + 𝑏)𝑛
𝑖 + ∑ 𝛼𝑖

𝑀
𝑖 . This 

problem can be reduced to its dual problem by differentiating 𝐿 with respect to 𝒘 and 𝑏, 
𝛿𝐿

𝛿𝒘
= ∑𝛼𝑖𝑦𝑖𝑥𝑖 , 

𝛿𝐿

𝛿𝑏
= −∑𝛼𝑖𝑦𝑖 = 0 respectively. The final dual problem is max𝛼𝐿(𝛼) =  ∑ 𝛼𝑖 −

1

2
∑ ∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗 𝐱⃗ 𝑖 ∙ 𝐱⃗ 𝑗𝑗𝑖

𝑛
𝑖=1 , 

where 𝛼𝑖 are positive value for 𝑖 = 1,2,3, … , 𝑛 and ∑ 𝛼𝑖𝑦𝑖 = 0. Based on the dual problem, the 

maximisation depends on the dot product of pairs of the samples (𝐱⃗ 𝑖 ∙ 𝐱⃗ 𝑗) [54,56-59]. 
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Figure 1 Optimal hyperplane on linear separated support vectors. 

In most cases, linear separated data rarely occurs in 2 classes of classification. In the case of non-

linear separation or classification, the slack variable (𝜉𝑛 ≥ 0) is introduced into each training sample, 

where 𝜉 = |𝑦 − (𝑤𝑇∅(𝑥) + 𝑏)|. The misclassified points are represented by  𝜉𝑛 ≥ 1, while 𝜉𝑛 ≤ 1 

represents points within the margin and 𝜉𝑛 = 0 represents points on the boundary. These problems can be 

expressed by minimising the 𝐶 ∑ 𝜉𝑖
𝑛
𝑖=1 + 

1

2
‖𝐰‖2 subject to 𝑦𝑖(𝑤

𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖, where 𝐶 is the cost 

parameter that controls the penalty of the points outside the margin. The non-linear mapping and kernel 

functions transformed the input data into high-dimensional space by 𝑔(𝐱) = sign(∑ 𝛼𝑖𝑦𝑖∅(𝐱𝑖)
𝑇∅(𝐱)𝑛

𝑖=1 ) +
𝑏, where in this case, the 𝐱⃗ 𝑖 ∙ 𝐱⃗ 𝑗 were replaced by ∅(𝐱𝑖)

𝑇∅(𝐱). However, we do not need to know the 

functional form of ∅(𝐱𝑖) because it is defined by the selected kernel, 𝐾(𝐱i, 𝐱j) = ∅(𝐱𝑖)
𝑇∅(𝐱) and hence 

leads our mapping function to 𝑔(𝐱) = sign(∑ 𝛼𝑖𝑦𝑖𝐾(𝐱i, 𝐱j)
𝑛
𝑖=1 ) + 𝑏. Kernels used in SVM classification 

include linear, polynomial, radial based, sigmoid, hyperbolic tangent, Bessel, ANOVA radial basis, and 

linear splines in 1 dimension. In our SVM classifier simulation, we used the linear, polynomial, and radial 

basis kernels. The functions of selected kernel types are presented in Table 2. 

 

Table 2 Widely used kernel in SVM classification. 
 

Kernel types Kernel functions 

Linear kernel 𝐾(𝐱i, 𝐱j) = 𝐱⃗ 𝑖 ∙ 𝐱⃗ 𝑗 

Polynomial kernel 𝐾(𝐱i, 𝐱j) = ((𝐱⃗ 𝑖 ∙ 𝐱⃗ 𝑗) + 1)𝑑 

Radial basis kernel 𝐾(𝐱i, 𝐱j) = exp (−𝛾‖𝑥 − 𝑥𝑖‖
2
) 

 

The SVM classifiers were chosen to be part of the testing classifiers in this work because of their 

ability to identify features in multi-omics datasets and classify various diseases [60-64]. 

 

Methodology 

Real transcriptomics dataset 

The synthetic data used in this study were generated based on 3 parameters: Base intensity, random 

effects for biological patients, and experimental noise. The base intensity is based on a real dataset, obtained 

from the “Towards Useful Ageing (TUA): Neuroprotective Model for Healthy Longevity Among the 

Malaysian Elderly” research project funded by the Long-Term Research Grant Scheme (LRGS) by the 

Ministry of Education, Malaysia. The ethical approval for the TUA programme was obtained from the 

ethics committees of both Universiti Teknologi MARA (reference no. 600-RMI [5/1/6/01]) and the 
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University of Malaya Medical Center (reference no: PPUM HU-61/12/1-1]). The dataset consists of 92 

people living with Alzheimer’s disease (AD) and 92 healthy controls (HC), recruited from the Memory and 

Geriatric Clinic of the University of Malaya Medical Center (UMMC). 

 

Simulation 

To identify the most effective classifier for handling high dimensional data, we examined the 

performance of each classifier via a simulation study using a real dataset in the model. The dataset contained 

a huge number of features to generate realistic gene expression data where we can systematically vary 

different data characteristics (such as variability, effect size, and correlation) to investigate the effect of the 

characteristics on the performance of the classifier algorithms. 

In classification problems where high-dimensional data is prominent, ‘realistic’ data is crucially 

required to examine the possible characteristics involved in the data set, particularly in microarray gene 

expression data. The term realistic means that it not only has variable creation and its correlation becomes 

a prescribed structure but also that it is noisy [65]. 

Therefore, we designed our simulation model to use real high dimensional data sets to generate 

realistic gene expression data in which we can systematically vary different data characteristics (such as 

variability, effect size, and correlation) and evaluate the performance of the ML algorithms.  

 

Generating realistic synthetic dataset 

Three important steps should be taken to generate a realistic synthetic dataset: 1) establishing 

independent markers; 2) initiating a correlation structure; and 3) correlating the independent markers.  

 

First step: Establishing independent markers 

To simulate realistic omics data, we based our simulation on real transcriptomics for AD patients 

(hereinafter referred to as the “base of intensity”). The base of intensity contained a gene expression dataset 

for 22,254 markers in 92 AD individuals (case group) and 92 healthy control (HC) individuals (control 

group). We assumed that the base of intensity was free from any systematic or random variability as the 

data was averaged over many sample observations. Therefore, it was proportional to the true expression 

levels of the corresponding markers in the set. 

To initiate the simulation, we followed the work of Khondoker et al. [11], and it was assumed that 

the mean of the simulated variables, 𝜇 was close to the true markers. Then a random effect model was used 

to represent the pre-specific extent of stochastic noise in the dataset. Next, 2 levels of stochastic variability 

(between and within subject variation) were applied as biological and technical variations in the multi-

omics literature. Each marker (𝑝) was created independently (uncorrelated) based on the random effect 

model: 𝑥𝑖𝑗 = 𝜇 + 𝑏𝑖 + 𝜖𝑖𝑗 [11]; where 𝑥𝑖𝑗  denotes the simulated base of an intensity value for a marker in 

the 𝑗𝑡ℎ replicate (𝑗 = 1,2,3, … 𝑟) of the 𝑖𝑡ℎ sample (𝑖 = 1,2,3, … , 𝑛). The parameter 𝜇 is randomly selected 

from the base of intensity taken from the transcriptomics dataset, and it is assumed to be proportional to the 

true markers, 𝑏𝑖 is the random effect for 𝑖𝑡ℎ biological patients and 𝜖𝑖𝑗 is the random experimental noise. In 

this simulation, we assume 𝑏𝑖 and 𝜖𝑖𝑗 are independent and identically distributed (𝑖. 𝑖. 𝑑) random variables 

distributed according to a multivariate normal distribution with mean equal to zero and the variance varies 

such that 𝑏𝑖~𝑁(0, 𝜎𝑏) and 𝜖𝑖𝑗~𝑁(0, 𝜎𝜖), respectively. 

These random effect models allow generating independent and uncorrelated biomarkers in the multi-

omics dataset with various amounts of stochastic noise controlled by the parameter 𝜎𝑏 and 𝜎𝜖. After that, 

the simulation begins by generating every feature as an independent (uncorrelated) variable, where it is 

treated as a univariate variable [65]. The number of independent markers generated in this step was 100, 

200, 300, 400, and 500. The variations of the sample size, random effect, and random experimental noise 

are presented in Table 3. 

 

Second step: Initiating correlation structure 

In the central dogma of statistics and biology, independent variables for high dimensional data are 

essential in multi-omics fields, where groups of genes, proteins, and metabolites operate together to perform 

specific biological functions [11]. Thus, the synthetic datasets that we created in the first step should be 

correlated with each other. After creating each variable and sample in the first step, the data on each marker 

was averaged over replicates. A multivariate structure was then introduced to the data from multiple (𝑝) 

markers by imposing a 𝑝-dimensional covariance structure via Cholesky root transformation. 

Next, a block diagonal correlation structure was developed using Hub-Toeplitz (HT) for ℎ𝑡ℎ block. 

The idea of correlation structure was proposed by Hardin et al. [65], where the hybridization of the Toeplitz 
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matrix and Hub observation model supported the simulation of classification and discriminant analysis to 

model the correlations between case and control. In the Toeplitz correlation matrix, adjacent pairs of 

observations are highly correlated, whereas those that diverge are less correlated. However, in the Hub 

observation model, each case and control observations are correlated with the hub observation on a 

decreasing strength (this is from the operator provided’s maximum correlation to a specified minimum 

correlation). The HT correlation structure is as follows:  

 

𝑅ℎ = 

[
 
 
 
 
 
 

1   𝑟ℎ,2        𝑟ℎ,3

𝑟ℎ,2  1   𝑟ℎ,2

𝑟ℎ,3  𝑟ℎ,2 1

   𝑟ℎ,4    …   𝑟ℎ,𝑑2

   𝑟ℎ,3    …    𝑟ℎ,𝑑ℎ−1

   𝑟ℎ,2    …    𝑟ℎ,𝑑ℎ−2

   𝑟ℎ,4 𝑟ℎ,3 𝑟ℎ,2  

⋮ ⋮ ⋮
     𝑟ℎ,𝑑ℎ

𝑟ℎ,𝑑ℎ−1 𝑟ℎ,𝑑ℎ−2

1 …   𝑟ℎ,𝑑ℎ−3

⋮ ⋱ ⋮
𝑟ℎ,𝑑ℎ−3 … 1 ]

 
 
 
 
 
 

 

 

where ℎ = 1,2,3, … , 𝐻 correlation block. The symbol 𝑟 represents the correlation value to be input during 

the simulation process. The value of each 𝑟ℎ,𝑗 = 𝑟𝑚𝑎𝑥 − (
 𝑙−2

𝑑ℎ−2
)

𝛾
(𝑟𝑚𝑎𝑥 − 𝑟𝑚𝑖𝑛) and it generates 

correlations that decreases from the maximum correlation (𝑟𝑚𝑎𝑥) to the minimum correlation (𝑟𝑚𝑖𝑛) 

where 2 ≤ 𝑙 ≤ 𝑑ℎ. The parameter 𝛾 in 𝑟ℎ,𝑗 was set to be equal to 1 (linear) to control the declination rate 

for each block. HT correlation structure assumes a predefined correlation between a network hub, especially 

in the first markers and other variables within the block where the correlation between the hub and 𝑙𝑡ℎ 

markers decline as 𝑙 increases. We set 𝑟𝑚𝑖𝑛  to be varied between 0.2 and 0.4 randomly, where the 𝑟𝑚𝑎𝑥 also 

varied between 0.6 and 0.8 randomly to explore the impact of feature correlations [11,66].  

 

Third step: Correlating the uncorrelated markers 

In the following steps, the number of blocks was randomly selected from the set [1,2,3, … ,
𝑝

3⁄ ] [11]. 

If the number of markers is a multiple of correlation blocks (𝐻), the whole blocks were considered to have 

the same dimension (𝑑ℎ = 𝑝/𝐻). If the number of markers is not a multiple of 𝐻, then the first block was 

selected to have dimension 𝑑1 =
𝑝

𝐻
+ 𝑚𝑜𝑑(𝑝, 𝐻). In contrast, the rest of the markers would be 𝑑ℎ = 𝑝/𝐻, 

where 𝑚𝑜𝑑 represented the remainder of the division. 

Then, Cholesky root transformation was used to force the block-diagonal HT structure on the 

uncorrelated data by 𝑅 = 𝑑𝑖𝑎𝑔[𝑅1, 𝑅2, 𝑅3, 𝑅4, … , 𝑅𝐻]. The Cholesky root was computed based on 𝐶 =

 √𝑉 × 𝑅 × √𝑉 and data were transformed with the desired covariance structure by 𝑌̅ =  𝑋̅𝐶, where 𝑋̅ is the 

average of the markers over the replicates and 𝑉 = (𝜎𝑏
2 +

𝜎𝑒
2

𝑟
)𝐼𝑝. The 𝐼𝑝 is a 𝑝-dimensional identity matrix. 

Unlike Khondoker et al. [11], this process was done for both the AD and HC groups separately. Then, both 

groups were combined into one dataset.  

 

Simulating threshold 

The purpose of the simulation was to investigate the effect of sample size (𝑛) feature set size (𝑝) on 

fixed biological variation (𝜎𝑏) and experimental variation (𝜎𝑒). We considered feature sets of sizes 100, 

200, 300, 400, and 500. We believed that the range of sizes was reasonable to understand the effects of the 

feature set size on the classification performance. Even though the microarray data are high-throughput 

data and can have more markers, the ultimate aim of classification for this type of data is to achieve good 

class prediction performance with the smallest number of markers [11]. The combination values for sample 

size, biological variation, and experimental variation are presented in Table 3. All simulations were 

repeated 500 times, and the average classification performance, such as sensitivity, specificity, accuracy, 

error rate, and F-measure, was recorded over 500 simulated datasets. 

 

Table 3 Combination values for sample size (𝑛), biological variation (𝜎𝑏) and experimental variation (𝜎𝑒) 

considered in the simulation. 
 

𝒏 𝝈𝒃 𝝈𝒆 

10 4.5 4.5 

20 4.0 4.0 

30 3.5 3.5 
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𝒏 𝝈𝒃 𝝈𝒆 

40 3.0 3.0 

50 2.5 2.5 

100 2.0 2.0 

200 1.5 1.5 

300 1.0 1.0 

400 0.5 0.5 

500 0.1 0.1 

 

Algorithm 

We evaluated the SVM classifier with 3 kernels, namely linear, radial basis (RBF), and polynomial. 

The performance of each kernel was measured using the F-measure, sensitivity, specificity, accuracy, and 

error rate to identify better-performing kernels for high-dimensional data analysis. The F-measure evaluates 

the harmonic mean of precision and recall for binary classification, and it is used as a conventional method 

to measure the performance of the classifier [67]. We used R [68] with RStudio [69] as the IDE and the 

“e1071” package to analyse the performance of SVM with these kernels [70]. We performed a grid search 

of the chosen kernels to find the best cost and gamma parameters to build the SVM model for each repetition 

in the simulation. We searched for the combination of cost and gamma, with cost ranging from 1 to 100 

and gamma ranging from 0.000001 to 0.1. The model with parameters that gave a high F-measure value 

with a minimum error rate was selected for each repetition in the simulation. 

The same R-package, “e1071” was used to analyse NB performance in classifying high-dimensional 

data. Besides, we used the “trainControl” and “train” functions [71] in the R-package “caret” to search for 

the best k parameter for the k-NN classifier, and then the models were developed using the “knn” function 

in the “class” package [72]. 

For the RF classifier, we used “randomForest” packages developed by Liaw and Wiener. We searched 

for the best number of variables to be selected in building a single tree using the “mtry” function before 

building the classification tree (we call it RF-Optimised) and compared it with the “mtry” output, which 

was √𝑝 (RF-Standard), as suggested by Breiman [41]. Sensitivity, specificity, accuracy, error rate, and F-

measure were calculated using the “caret” package in RStudio to assess the performance of the classifiers 

[71]. 

The simulation analysis was carried out using a high-performance machine provided by the High-

Performance Cloud Computing Center (HPCCC), Universiti Teknologi Petronas, Malaysia. The machines 

have 25 CPU cores and 100 GB of memory. The repetitions in the simulation were done using a parallel 

computing approach by implementing the “foreach” [73] and “doParallel” [74] packages in R to reduce 

processing time. Using the stated equipment to complete a single simulation for a certain classifier was still 

time-consuming, but the performance was better than the traditional computational method. 

For cross-validation purposes, the simulated synthetic data was split into training and testing data by 

70 and 30 %, respectively. Figure 2 represents the flowchart of the whole simulation process. The R syntax 

for this study is available upon request by writing to the corresponding author. 
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Figure 2 Flowchart of the simulation process. 

 

Results and discussion 

The main objective of this paper was to compare classifier performance, i.e., SVM, RF, NB, and k-

NN, in handling high-dimensional data. We performed a simulation of high-dimensional data from a 

transcriptomic dataset of AD patients and healthy controls provided by the TUA programme. The number 

of dimensions considered for the comparison of ML algorithms was 100, 200, 300, 400, and 500. The 

sample size generated for each dimension is presented in Table 3. Each analysis was repeated 500 times to 

get robust statistical measures. 

The performance of the SVM family kernels under study for 100 and 500 dimensions is presented in 

Table 4. Complete performance measures for the 200, 300, and 400 dimensions are presented in Appendix 

1 (Table A1 and Figure A1). SVM family kernels demonstrated better overall performance when the 

sample size increased. When the sample size was less than or equal to 50, the error rate and F-measure for 

the classifiers did not show any trends or stable performance for the 3 kernels. Khondoker et al. [11] 

reported a similar finding when they performed a simulation study using SVM. However, when the sample 

size reached above 100 per group, the error rate decreased in parallel with the sample size increment, 

regardless of dimension (𝑝). We also found that the RBF kernels performed better than the polynomial and 

linear kernels, and the performance was consistent for all dimensions. Furthermore, the performance of 

SVM with a linear kernel increased with the rise in the number of dimensions. The visual presentation of 

the performance is illustrated in Figure 3.  
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Table 4 SVM model performance (𝑝 = 100 and 𝑝 = 500). 
 

Number of 

dimensions 

Sample size 

per group 

Error Rate (F-measure) 

Linear RBF Polynomial 

100 10 0.520 (0.520) 0.379 (0.663) 0.450 (0.659) 

 20 0.498 (0.495) 0.384 (0.647) 0.453 (0.622) 

 30 0.496 (0.497) 0.398 (0.634) 0.461 (0.605) 

 40 0.481 (0.513) 0.398 (0.635) 0.456 (0.610) 

 50 0.429 (0.564) 0.368 (0.658) 0.448 (0.613) 

 100 0.353 (0.646) 0.303 (0.707) 0.429 (0.638) 

 200 0.304 (0.699) 0.279 (0.726) 0.407 (0.650) 

 300 0.231 (0.769) 0.208 (0.794) 0.331 (0.705) 

 400 0.097 (0.902) 0.058 (0.942) 0.142 (0.869) 

 500 0.000 (1.000) 0.000 (1.000) 0.000 (1.000) 

500 10 0.544 (0.504) 0.395 (0.668) 0.464 (0.671) 

 20 0.493 (0.499) 0.408 (0.657) 0.460 (0.640) 

 30 0.499 (0.496) 0.424 (0.648) 0.461 (0.626) 

 40 0.468 (0.523) 0.419 (0.652) 0.457 (0.638) 

 50 0.394 (0.602) 0.372 (0.684) 0.447 (0.622) 

 100 0.259 (0.741) 0.238 (0.771) 0.397 (0.642) 

 200 0.203 (0.797) 0.180 (0.821) 0.357 (0.699) 

 300 0.099 (0.900) 0.079 (0.921) 0.261 (0.775) 

 400 0.005 (0.994) 0.002 (0.998) 0.110 (0.903) 

 500 0.000 (1.000) 0.000 (1.000) 0.000 (1.000) 

 

 

  
(a) 𝑝 = 100 (b) 𝑝 = 500 

 

Figure 3 Comparison of SVM classifiers based on error rate according to the number of dimensions (𝑝) 

and sample size.  
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For RF classifiers, we found that the performance of RF-Optimised was slightly better than RF-

Standard. As illustrated in Figure 4, the lines for RF-optimised and RF standards are almost overlapping 

for the synthetic data (𝑝=100 and 𝑝=500). The complete figure and table of performance measures are given 

in Appendix 2 (Table A2 and Figure A2).  

 

  
(a) 𝑝 = 100 (b) 𝑝 = 500 

 

Figure 4 Comparison of RF classifiers based on error rate according to the number of dimensions (𝑝) and 

sample size.  

 

Next, we compared SVM RBF, RF-optimised, k-NN, and NB classifiers to identify the better-

performing classifiers for high-dimensional datasets. In Table 5, we summarise the results of the ML 

classifier’s performance based on error rate and F-measure for 100 and 500 dimensions. Complete 

performance measures for the 200, 300, and 400 dimensions for these classifiers were presented in 

Appendix 3 (Table A3 and Figure A3). Based on Table 5, the performance of SVM RBF is consistently 

better than the others, and the error rate for this classifier is always at its lowest point when the sample size 

is larger than 100 per group. The NB classifier performs better when the sample size is less than 50 per 

group, and its error rate is the lowest when the number of variables is higher than the sample size. For all 

dimensions under study, based on error rate and F-measure, when the sample size was smaller than the 

number of dimensions, NB always performed well compared to other classifiers. As illustrated in Figure 

5, k-NN has the lowest performance for high-dimensional data. When the sample size exceeds the number 

of dimensions, the performance of RF-optimised systems improves as compared to NB. The RF-optimised 

performance shifted when the sample size was more than 200 per group.  

 

Table 5 Comparison of 4 ML classifiers (𝑝 = 100 and 𝑝 = 500). 
 

Number of 

dimensions 

Sample 

size per 

group 

Error Rate (F-measure) 

RF-Optimised SVM RBF k-NN NB 

100 10 0.445 (0.589) 0.379 (0.663) 0.522 (0.543) 0.298 (0.715) 

 20 0.470 (0.529) 0.384 (0.647) 0.504 (0.488) 0.371 (0.621) 

 30 0.463 (0.530) 0.398 (0.634) 0.491 (0.499) 0.386 (0.607) 

 40 0.450 (0.546) 0.398 (0.635) 0.490 (0.497) 0.392 (0.602) 

 50 0.437 (0.554) 0.368 (0.658) 0.473 (0.514) 0.395 (0.600) 

 100 0.404 (0.595) 0.303 (0.707) 0.458 (0.538) 0.399 (0.597) 

 200 0.387 (0.613) 0.279 (0.726) 0.448 (0.560) 0.394 (0.604) 

 300 0.330 (0.670) 0.208 (0.794) 0.413 (0.613) 0.352 (0.650) 

 400 0.165 (0.835) 0.058 (0.942) 0.216 (0.810) 0.220 (0.781) 

 500 0.0003 (1.000) 0.000 (1.000) 0.000 (1.000) 0.003 (0.996) 
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Number of 

dimensions 

Sample 

size per 

group 

Error Rate (F-measure) 

RF-Optimised SVM RBF k-NN NB 

500 10 0.451 (0.582) 0.395 (0.668) 0.547 (0.532) 0.155 (0.841) 

 20 0.445 (0.553) 0.408 (0.657) 0.508 (0.490) 0.239 (0.754) 

 30 0.446 (0.553) 0.424 (0.648) 0.498 (0.487) 0.293 (0.706) 

 40 0.428 (0.564) 0.419 (0.652) 0.485 (0.509) 0.308 (0.685) 

 50 0.389 (0.608) 0.372 (0.684) 0.457 (0.530) 0.298 (0.696) 

 100 0.330 (0.670) 0.238 (0.771) 0.422 (0.573) 0.296 (0.702) 

 200 0.304 (0.696) 0.180 (0.821) 0.413 (0.602) 0.297 (0.702) 

 300 0.213 (0.787) 0.079 (0.921) 0.340 (0.694) 0.224 (0.776) 

 400 0.043 (0.957) 0.002 (0.998) 0.065 (0.940) 0.076 (0.923) 

 500 0.000 (1.000) 0.000 (1.000) 0.000 (1.000) 0.076 (0.923) 

 

 

 
 

 a) 𝑝 = 100 b) 𝑝 = 500 

 

Figure 5 Comparison of 4 ML classifiers based on error rate. 

 

 

Conclusions 
 

Real-life data, such as microarray and molecular genetic-related data, is generally more complex and 

harder to get since the sequencing process incurs high costs and is time-consuming. To accurately identify 

potential biomarkers of any disease on microarray or omics datasets, selecting the right analytical methods 

is crucial to ensuring the analysis result has a low prediction error but high accuracy and sensitivity. This 

simulation study found that the NB was the best classifier for high-dimensional data, especially when the 

sample size was less than or equal to 50 per group. However, the SVM with the RBF kernel only performs 

better when the sample size exceeds 100 per group for all dimensions. 

The sample size is an essential element in determining the choice of ML classifiers when dealing with 

high-dimensional data. When the sample size for high-dimensional models is small (less than 50), the 

performance of the ML classifiers is poor. The recommended sample size for classification analysis for 

high-dimensional data is at least 100 per group since the error rates for all classifiers keep on reducing as 

the sample size increases. 

This study contributes to the theory where the comparison of ML classifier performance has made a 

remarkable finding in identifying the ML classifiers that work well on high-dimensional states of data and 

which ML classifiers work well on high-dimensional and low-dimensional states by comparing a 

combination of several sample sizes. Additionally, the synthetic dataset that we have developed can 
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significantly mimic the real dataset in 2 groups. The difference between our synthetic dataset and other 

datasets was the consideration of variability and correlation in the dataset based on each group. 
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APPENDIXES 

 
Appendix 1 

 

Table A1 Comparison of SVM family kernel performance for combinations of synthetic dataset (𝑝 = 200, 

𝑝 = 300 and 𝑝 = 400). 
 

Sample Size 

per group 

Error rate (F-measure) 

𝒑 = 200 𝒑 = 300 𝒑 = 400 

Linear RBF Polynomial Linear RBF Polynomial Linear RBF Polynomial 

10 
0.512 

(0.521) 
0.381 (0.665) 0.480 (0.645) 

0.537 

(0.522) 
0.396 (0.665) 0.435 (0.682) 

0.530 

(0.521) 
0.387 (0.675) 0.446 (0.674) 

20 
0.497 

(0.500) 
0.395 (0.655) 0.462 (0.634) 

0.507 

(0.485) 
0.409 (0.651) 0.441 (0.647) 

0.501 

(0.490) 
0.413 (0.652) 0.448 (0.651) 

30 
0.500 

(0.495) 
0.409 (0.639) 0.458 (0.607) 

0.481 
(0.518) 

0.404 (0.658) 0.435 (0.637) 
0.500 

(0.488) 
0.419 (0.650) 0.455 (0.634) 

40 
0.456 

(0.541) 
0.392 (0.650) 0.447 (0.618) 

0.484 

(0.506) 
0.424 (0.640) 0.445 (0.625) 

0.449 

(0.544) 
0.397 (0.662) 0.445 (0.632) 

50 
0.414 

(0.580) 
0.374 (0.667) 0.442 (0.628) 

0.409 
(0.585) 

0.376 (0.673) 0.437 (0.613) 
0.403 

(0.593) 
0.374 (0.679) 0.435 (0.63) 

100 
0.306 

(0.692) 
0.272 (0.736) 0.410 (0.645) 

0.292 

(0.706) 
0.267 (0.748) 0.399 (0.661) 

0.270 

(0.728) 
0.249 (0.762) 0.394 (0.651) 

200 
0.170 

(0.830) 
0.130 (0.870) 0.297 (0.727) 

0.244 

(0.755) 
0.211 (0.790) 0.367 (0.688) 

0.102 

(0.897) 
0.082 (0.918) 0.247 (0.763) 

300 
0.190 

(0.810) 
0.145 (0.856) 0.293 (0.740) 

0.022 
(0.977) 

0.012 (0.988) 0.077 (0.923) 
0.118 

(0.882) 
0.094 (0.906) 0.259 (0.773) 

400 
0.006 

(0.994) 
0.002 (0.998) 0.034 (0.967) 

0.019 

(0.981) 
0.008 (0.992) 0.099 (0.910) 

0.000 

(1.000) 
0.000 (1.000) 0.000 (1.000) 

500 
0.000 

(1.000) 
0.000 (1.000) 0.000 (1.000) 

0.000 
(1.000) 

0.000 (1.000) 0.000 (1.000) 
0.000 

(1.000) 
0.000 (1.000) 0.000 (1.000) 
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Figure A1 Comparison of three types of SVM classifiers based on error rate and sample size. 
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Appendix 2 

 

Table A2 Comparison between RF standard and RF optimized performance for combination of synthetic 

dataset (𝑝 = 100, 𝑝 = 200 𝑝 = 300, 𝑝 = 400 and 𝑝 = 500). 
 

Sample 

size 

per group 

Error rate (F-measure) 

𝒑 = 100 𝒑 = 200 𝒑 = 300 𝒑 = 400 𝒑 = 500 

RF 

Standard 

RF 

Optimized 

RF 

Standard 

RF 

Optimized 

RF 

Standard 

RF 

Optimized 

RF 

Standard 

RF 

Optimized 

RF 

Standard 

RF 

Optimized 

10 
0.445 

(0.591) 

0.445 

(0.589) 

0.451 

(0.578) 

0.453 

(0.577) 

0.462 

(0.587) 

0.478 

(0.567) 

0.448 

(0.587) 

0.445 

(0.595) 

0.449 

(0.593) 

0.451 

(0.582) 

20 
0.464 

(0.539) 
0.470 

(0.529) 
0.439 

(0.559) 
0.442 

(0.554) 
0.440 

(0.559) 
0.444 

(0.554) 
0.445 

(0.548) 
0.449 

(0.545) 
0.432 

(0.557) 
0.445 

(0.553) 

30 
0.453 

(0.537) 

0.463 

(0.530) 

0.446 

(0.544) 

0.444 

(0.547) 

0.432 

(0.565) 

0.439 

(0.558) 

0.430 

(0.559) 

0.441 

(0.545) 

0.437 

(0.561) 

0.446 

(0.553) 

40 
0.445 

(0.550) 
0.450 

(0.546) 
0.420 

(0.575) 
0.429 

(0.564) 
0.439 

(0.554) 
0.445 

(0.547) 
0.413 

(0.581) 
0.424 

(0.571) 
0.422 

(0.570) 
0.428 

(0.564) 

50 
0.433 

(0.561) 

0.437 

(0.554) 

0.418 

(0.577) 

0.422 

(0.574) 

0.402 

(0.593) 

0.409 

(0.586) 

0.381 

(0.616) 

0.387 

(0.610) 

0.384 

(0.611) 

0.389 

(0.608) 

100 
0.402 

(0.596) 

0.404 

(0.595) 

0.370 

(0.629) 

0.373 

(0.626) 

0.356 

(0.644) 

0.358 

(0.640) 

0.340 

(0.658) 

0.345 

(0.653) 

0.323 

(0.675) 

0.330 

(0.670) 

200 
0.385 

(0.615) 
0.387 

(0.613) 
0.280 

(0.718) 
0.282 

(0.717) 
0.334 

(0.665) 
0.336 

(0.664) 
0.226 

(0.774) 
0.226 

(0.774) 
0.303 

(0.696) 
0.304 

(0.696) 

300 
0.329 

(0.671) 

0.330 

(0.670) 

0.284 

(0.716) 

0.285 

(0.715) 

0.106 

(0.894) 

0.102 

(0.898) 

0.232 

(0.767) 

0.232 

(0.768) 

0.215 

(0.785) 

0.213 

(0.787) 

400 
0.165 

(0.834) 
0.165 

(0.835) 
0.045 

(0.955) 
0.041 

(0.959) 
0.078 

(0.922) 
0.075 

(0.925) 
0.002 

(0.998) 
0.000 

(1.000) 
0.046 

(0.954) 
0.043 

(0.957) 

500 
0.000 

(1.000) 

0.000 

(1.000) 

0.000 

(1.000) 

0.000 

(1.000) 

0.000 

(1.000) 

0.000 

(1.000) 

0.000 

(1.000) 

0.022 

(0.978) 

0.000 

(1.000) 

0.000 

(1.000) 
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Figure A2 Comparison of RF optimised and RF standard classifiers based on error rate and sample size.  
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Appendix 3 

 

Table A3 Comparison of 4 ML classifiers performance for combination of synthetic dataset (𝑝 = 200, 𝑝 = 

300 and 𝑝 = 400). 
 

Number of 

dimensions 

Sample 

size per 

group 

Error rate (F-measure) 

RF-Optimised SVM RBF k-NN Naïve Bayes 

200 10 0.453 (0.577) 0.381 (0.665) 0.527 (0.534) 0.25 (0.755) 

 20 0.442 (0.554) 0.395 (0.655) 0.502 (0.497) 0.308 (0.69) 

 30 0.444 (0.547) 0.409 (0.639) 0.502 (0.478) 0.36 (0.633) 

 40 0.429 (0.564) 0.392 (0.650) 0.472 (0.517) 0.36 (0.634) 

 50 0.422 (0.574) 0.374 (0.667) 0.470 (0.518) 0.356 (0.642) 

 100 0.373 (0.626) 0.272 (0.736) 0.446 (0.546) 0.356 (0.644) 

 200 0.282 (0.717) 0.130 (0.870) 0.396 (0.601) 0.296 (0.704) 

 300 0.285 (0.715) 0.145 (0.856) 0.389 (0.642) 0.309 (0.692) 

 400 0.041 (0.959) 0.002 (0.998) 0.061 (0.942) 0.079 (0.920) 

 500 0.000 (1.000) 0.000 (1.000) 0.000 (1.000) 0.001 (0.999) 

300 10 0.478 (0.567) 0.396 (0.665) 0.544 (0.514) 0.215 (0.792) 

 20 0.444 (0.554) 0.409 (0.651) 0.503 (0.499) 0.286 (0.711) 

 30 0.439 (0.558) 0.404 (0.658) 0.491 (0.503) 0.322 (0.673) 

 40 0.445 (0.547) 0.424 (0.640) 0.488 (0.497) 0.342 (0.654) 

 50 0.409 (0.586) 0.376 (0.673) 0.463 (0.521) 0.338 (0.658) 

 100 0.358 (0.640) 0.267 (0.748) 0.444 (0.548) 0.332 (0.665) 

 200 0.336 (0.664) 0.211 (0.790) 0.427 (0.585) 0.335 (0.664) 

 300 0.102 (0.898) 0.012 (0.988) 0.237 (0.762) 0.131 (0.869) 

 400 0.075 (0.925) 0.008 (0.992) 0.108 (0.902) 0.113 (0.886) 

 500 0.000 (1.000) 0.000 (1.000) 0.000 (1.000) 0.001 (0.999) 

400 10 0.445 (0.595) 0.387 (0.675) 0.543 (0.529) 0.167 (0.836) 

 20 0.449 (0.545) 0.413 (0.652) 0.509 (0.489) 0.263 (0.733) 

 30 0.441 (0.545) 0.419 (0.650) 0.494 (0.483) 0.307 (0.686) 

 40 0.424 (0.571) 0.397 (0.662) 0.485 (0.504) 0.315 (0.679) 

 50 0.387 (0.610) 0.374 (0.679) 0.469 (0.517) 0.309 (0.688) 

 100 0.345 (0.653) 0.249 (0.762) 0.433 (0.562) 0.312 (0.686) 

 200 0.226 (0.774) 0.082 (0.918) 0.364 (0.629) 0.233 (0.767) 

 300 0.232 (0.768) 0.094 (0.906) 0.350 (0.683) 0.249 (0.750) 

 400 0.000 (1.000) 0.000 (1.000) 0.006 (0.994) 0.006 (0.994) 

 500 0.022 (0.978) 0.000 (1.000) 0.000 (1.000) 0.001 (0.999) 
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Figure A3 Comparison of 4 ML classifiers based on error rate and sample size. 


