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Abstract: Recent progress in gene expression data research makes it possible to quantify and
identify several thousand genes’ expressions simultaneously. For malaria infection and
transmission, gene expression data classification using dimensionality reduction is a standard
approach in gene expression data analysis and proposed for this study. A major problem occurs
in the reduction of high dimensional data, it plays a significant role in improving the precision of
classification, allowing biologists and clinicians to correctly predict infections in humans by
choosing a limited subclass of appropriate genes and deleting redundant, and noisy genes. The
combination of a novel analysis of variance (ANOVA) with ant colony optimisation (ACO)
approach as a hybrid feature selection to select relevant genes is suggested in this study to
minimise the redundancy between genes, and SVM is used for classification. The proposed
method’s efficacy was shown by the experimental outcomes based on the high-dimensional of
gene expression data.
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1 Introduction

Malaria is a worldwide long plagued, vector-borne disease.
Due to rampant changes in environmental and food patterns,
malaria infects a lot of individuals. Mostly in West African
areas, this disease is widely spread and seriously infecting
people in those regions. The malaria vector-borne disease
dataset is characteristically distorted. The dynamic nature of
such data in machine learning technology is a challenge.
Accurate prediction of smaller samples is very important for
medical diagnosis and prognosis of the infection,
particularly in the medical field (Sajana and Narasingarao,
2018).

Gene expression technologies such as RNA-Seq are a
prevailing tool for describing gene expression designs in
different cells, enabling various investigations like
identifying innovative cell categories (Townes et al., 2019).
The RNA-Seq experiments generate a huge amount of gene
expression data, resulting in curse-of-dimensionality
problems, imposing limitations on the technology’s
efficiency. Data pre-processing is not always possible, as
data subsets can lead to loss and overfitting of information,
directly impacting the accuracy and reliability of machine
learning models (Zahoor and Zafar, 2020).

Much research has been carried out to overcome the
curse of dimensionality by defining appropriate and
impactful models from high-dimensional information to
attain relevant characteristics. For the analysis of gene
expression data, conventional models are not adequate and
are a challenge for further study (Almugren and Alshamlan,
2019). Dimensionality reduction techniques for selecting
relevant features from high dimensional data and reduce

noises, such as infiltration tactics optimisation, particle
swarm optimisation, genetic algorithm, information gain,
swarm intelligence, SMOTE, among other mining
approaches, have been utilised in the literature to achieve
high-performance accuracies (Zahoor and Zafar, 2020;
Tahir et al., 2019; Mahani and Ali, 2020; Saw and Myint,
2019). Several advances have been made using several
hybridised techniques, which are capable of generating high
accuracies. Yet, this research is opened to more advances
due to wvariations in existing methods. Developing a
comprehensive method that can improve models’ accuracy
reliability remains a challenging problem (Sato and
Nakagawa, 2014).

In this study, a modified and improved ANOVA-ACO is
suggested to select relevant genes as a subset for malaria
vector data classification and build an overall model that
helps fetch relevant and reliable features. They are refined
and classified using support vector machine (SVM) to
achieve reliable accuracy. Analysis of variance (ANOVA)
provides the apparent analytical multiple factors in the
experiment by expressing the intensity values (Arowolo
et al., 2016). The ant colony optimisation (ACO) denoted an
efficient sample base gene approach to unravel the swarm
intelligence optimisation problem to enhance classification
performance (Bir-Jmel et al.,, 2019). The ANOVA-ACO
promises an optimal feature subset from high dimensional
data. This study is beneficial to researchers and health
practitioners for decision making, as this study have shown
an insightful contribution compared with other
investigators, it proposes to better improve knowledge
adoptions.
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The remainder of this study is organised as follows;
Section 2 offers the study’s literature review, Section 3
introduces the techniques and the algorithm proposed,
Section 4 discusses the experimental findings and
interpretation are identified. Section 5 discourses the
conclusions and future directions.

2 Literature review

The ITO procedure wuses parameter-free and based
classifiers in creating high-precision and reliability
classifications. The procedure generated two phases of
outcomes. The lightweight infantry group (LIG) joins
rapidly in finding non-local utmost. It generated similar
outcomes of about 88% accuracy with the follow-up team
using advanced tuning of about 99% to boost zero
efficiencies. Every ITO is a base approach with the
self-reliantly selected model. Subset technique of collection,
pre-processing, and classifier and validation approaches.
The active soldiers are collective for optimum outcomes by
heterogeneous ensembles. Their approach discourses data
insufficiency, versatility for optimal varied base classifiers,
and capable of producing the HAHR approach similar to the
results of the MAQC-II developed (Zahoor and Zafar,
2020). In previous research works, Al has been used in
medical and in the biomedical field (Ayo et al., 2020;
Satapathy et al., 2021), for the involvement of heart disease
and diabetes (Oladipo et al., 2021; Berglund, 2015; Bhoi,
2017; Awotunde et al., 2021a) investigated diabetes
proteins. Academics have used ANN, SVM, fuzzy logic
systems, K-means classifier, and many other Al methods
(Awotunde et al., 2021b; Mishra et al., 2020a).

A novel distributed method of selection of features was
suggested to remedy the curse-of-dimensionality of
information about microarrays. Their methodology is
inspired by an educational process for creating project
groups for the final year. To construct multiple balanced
feature clusters, they utilised information gain, symmetrical
uncertainty, and entropy. Each cluster trains the multi-layer
perceptron (MLP), and the prevailing cluster is selected for
more processing. Training and tuning the MLP is a very
time-consuming task in itself. Educating many such clusters
makes it resourceful and starving. Using MLP makes it
probable to prematurely halt the procedure and pick clusters
for further processing with maximum precision (Potharaju
and Sreedevi, 2019; Mishra et al., 2020b).

Together with kernel ridge regression (KRR) classifier,
an improved cat swarm optimisation algorithm for feature
selection has been proposed. They presented a universal
dataset, with KRR outperforming the wavelet kernel ridge
regression (WKRR) and radial basis kernel ridge regression
(RKRR). In comparison to multi-class datasets, their
methodology works moderately improved on two-class
datasets (Mohapatra et al., 2016).

Pattern classification based on binary gene expression
data, with exciting learning machine (ELM) variations, such
as online sequential ELM (OSELM) and extreme learning
machine based on the kernel (KELM), was suggested. For

the classification of microarray medical datasets, two
variants are used in the KELM group. A modified cat
swarm optimisation method is implemented to diminish the
gene expression dataset’s high dimensionality, resulting in a
high amount and limited sample sizes. With a series of
output metrics for the datasets, the efficacy of the proposed
algorithm is checked (Chakravarty et al., 2020).

Awotunde et al. (2021c) proposed a method for
predicting the incidence of malaria in Nigeria. Using Kwara
State as a case study, both environmental and clinical data
were used to forecast the malaria-endemic well. For the
proposed scheme, the researchers used a deep learning
algorithm as a classifier. Three locations were chosen with a
34-month periodic pattern from the Irepodun local
government areas of Kwara State. Environmental factors
affected how each location responded. Both factors are
critical in malaria transmission and prediction, according to
the findings. The LSTM algorithm is an effective tool for
detecting cases of widespread malaria.

An enhanced artificial bee colony (ABC) algorithm was
proposed to pick a small number of critical cancer genes,
with predictive accuracy improvements. It is assumed that
ABC’s quest equation is good at discovery but bad at
exploitation. They improved the ABC algorithm to
overcome this limitation by adding the pheromone
principle, which is one main mechanism of the ACO
algorithm. A novel process of sequential bees interacts to
segment their data. A publicly available dataset uses the
proposed algorithm is tested after the parameters are
logically calibrated to one of the datasets. The findings
gotten are contrasted with other datasets. It has been shown
that the efficiency of the proposed approach is superior
(Moosa et al., 2016).

To pick the pertinent features, ANOVA, an arithmetical
test grounded on MapReduce, was suggested.
MapReduce-based K-nearest after function selection. The
classification of the microarray data is also indicated by the
neighbour (K-NN) classifier. On Hadoop, these algorithms
are successfully implemented, and different datasets are
used to perform comparative analysis (Kumar et al., 2015).

Data mining was used to construct the association rules,
and the algorithms for mathematical, soft computing and
development were utilised to pick the optimum classifier
grounded on previous data. Three techniques were utilised
to evaluate the disease category based on the dataset’s
attributes, and new tested data were generated using
ten-fold, and 98% training, and 2% tested data (Singh et al.,
2020).

The wuse of swarm intelligence algorithms in
high-dimensional data for feature selection processes
focusing on the subject matter is medical data classification.
The findings show that intelligence algorithms for swarming
have a good capability for the selection of features. They
presented comparisons and different swarm substitute
algorithms to be introduced for high dimensional
classification in function selections (Saw and Myint, 2019).

An efficient relief-F-ACO approach, for tumour
classification, was proposed. The investigational outcomes
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of numerous gene expression datasets demonstrated that the
proposed approach is operative and meaningfully reduces
the dimensionality of gene expression datasets. It picks the
maximum important genes with relevant precision for
classification (Sun et al., 2019).

A hybrid method was proposed using MWIS-ACO-LS
for the problem of feature selection, based on the grouping
of the original graph-based feature selection method. They
try reducing redundancy among genes considering
association among decisive and maximising gene status
(Fisher), and an improved ACO with local search procedure
utilising the classifier. We evaluated MWIS-ACO-LS on
well-replicated gene expression datasets to evaluate the
proposed process. Our proposed approach’s efficacy was
shown by the investigational outcome classification issues
(Bir-Jmel et al., 2019).

An efficient logistic approach based on F-logistic was
suggested with complex alterations to classify the genes. To
obtain usable data, using various approaches for levelling
techniques, F-logistic was used for the profiling calculated
and unevenly spread-out period points. In evaluation with
additional efficient information methods, i.e., the useful
ANOVA, they evaluated F-logistic efficiency through real
and synthetic period sequence datasets. The actual dataset
contains a period of sequence gene expression outlines for
lasting effects of interferon £ with multiple sclerosis ailment
developments. In instance/control research focused on
period-sequence expression outlines, F-logistic identifies
complex alterations that are unfound by viable methods.
F-logistic is successful for a period reliant on biomarker
discovery, analysis, and treatment (Kayano et al., 2016).

The procedure described in the ANOVA is examined to
pick the approach that mimics human disease greatest
precisely in terms of genome-wide gene expression. For the
same dataset, two widely used data fitting algorithms are
tested and evaluated in machine learning. The
implementation of individual algorithms is addressed,
computational costs, advantages, and drawbacks of the
individual procedure are analysed to evaluate cancer
(Shamsaei and Gao, 2016).

For improving the accuracy of the artificial neural
network, a hybrid classification improvement strategy such
as genetic algorithm (GA), particle swarm optimisation
(PSO), and fireworks algorithm (FWA) has been presented.
Two trials are used to test the enhancing process. To begin,
the suggested models are evaluated on five benchmark
medical databases from the University of California,
Irvine’s (UCI) archive. The best-performing system is then
employed in the second study, which concentrates on
fine-tuning the parameters of the chosen algorithm by
varying the number of iterations in ANNs with varied
numbers of hidden layers. On a biological genetic sequence
huge dataset obtained from The Cancer Genome Atlas
(TCGA) archive, improved ANN with the three
optimisation algorithms is investigated. GA and FWA are
statistically significant, whereas PSO is not, and GA
outperforms PSO and FWA in terms of performance. The

process works well and improves with each phase as
significant results are attained (Salman et al., 2018).

A multi-chromosome GEP technique was proposed for
gene expression programming using multiple chromosomes
(MC-GEP). To begin, an individual is made up of numerous
chromosomes, each of which contains one or more genes.
Secondly, each chromosome’s expression, or mixtures of
numerous chromosomes, can be used to identify an
individual. Subsequently, chromosome rejoining is altered
and carried out in an organised manner, similar to meiosis.
In comparison to GEP, experiments demonstrate that
MC-GEP can minimise the operating rate and accuracy of
iterations (Wang et al., 2011).

A new approach for detecting heart disorders in
respective heart valve data was proposed: pessimistic
multi-granulation rough set-based classification for heart
valve disease diagnosis. The supervised rapid reduce feature
selection technique is used to choose essential features from
heart valve data in this study. Only relevant features picked
using supervised fast reduction from heart valve data are
used in the classification approach. For the detection of
heart valve dysfunction, a new classification approach based
on pessimistic multi-granulation rough sets (PMGRS) is
used in this work. Set approximations in multi-granulation
rough sets are well-defined by many equivalence relations
on the universe, resulting in an effective classification
model. This is supported by experimental results, which
show that the suggested approach outperforms conventional
benchmark classification algorithms such as Naive Bayes,
MLP, J48, and decision table classifiers in terms of
classification performance (Azar et al., 2016).

Skin disease classification using deep learning neural
networks with MobileNet V2 and LSTM suggested a
computerised technique for classifying skin illness using
deep learning neural networks with MobileNet V2 and
LSTM (LSTM). The MobileNet V2 model has proven to be
more efficient and accurate, and it can be used on small
computational devices. For exact predictions, the proposed
model is effective in maintaining stateful information.

The progression of pathological growth is measured
using a grey-level co-occurrence matrix. The results were
compared to other state-of-the-art models like fine-tuned
neural networks (FTNN), convolutional neural networks
(CNN), visual geometry group’s (VGG) very deep
convolutional networks for large-scale image recognition,
and CNN architecture that expanded with few changes. The
proposed method outperformed existing methods with over
85% accuracy using the HAM10000 dataset. Its robustness
in recognising the impacted region significantly faster and
with roughly twice the number of computations as the
traditional MobileNet model results in little computational
effort. A mobile application is also built for quick and
accurate action. It assists patients and dermatologists in
determining the type of disease from a photograph of the
affected region during the early stages of skin disease.
These findings suggest that the proposed system could assist
general practitioners in quickly and accurately diagnosing
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skin conditions, reducing complications and morbidity
(Srinivasu et al., 2021).

Maximum power point tracking (MPPT) is critical for
obtaining the maximum power from a photovoltaic (PV)
system by ensuring optimal production under sunlight and
temperature variations. The adaptive neuro-fuzzy inference
system (ANFIS) is an algorithm-based MPPT that is built
using a combination of an artificial neural network (ANN)
and a fuzzy logic controller (FLC). Under temperature and
irradiance change, the ANFIS algorithm is tested in
MATLAB/Simulink and compared to the fixed step
traditional perturb and observe (P&O) and gradient descent
techniques. The ANFIS-MPPT technique provided a
significant improvement in PV system performance over
other techniques under various operating conditions,
including faster convergence, stability in steady state, fewer
oscillations around the MPP, and higher efficiency in
tracking the maximum power from the PV system (Amara
etal., 2019).

A robust, accurate, and intelligent control for trajectory
tracking of a three-degree-of-freedom quadrotor unmanned
aerial vehicle is proposed in this paper (UAV). The
controller is based on the ant colony optimisation (ACO)
algorithm and an ANFIS. Controlling nonlinear systems
with intelligent control, such as fuzzy logic, is a good
option. The ANFIS controller is used to recreate the
quadrotor’s reference trajectory in the 2D vertical plane.
The ACO algorithm adjusts ANFIS parameters
automatically in order to eliminate learning errors and
increase the controller’s quality. The proposed ANFIS
controller adjusted by ACO is compared to ANFIS and
proportional-integral-derivative (PID) controllers to assess
its performance. The hybrid ANFIS-ACO controller, as
expected, produces better outcomes than the other
approaches established in the same study (Selma et al.,
2020).

3 Materials and methodology

In this section, the methods and materials used, such as the
dataset, workflow, performance evaluation, and algorithms
are discussed extensively. This study uses a mosquito
anopheles gambiae gene dataset to analyse the performance
of the proposed model. The proposed algorithm is a
hybridised feature selection algorithm known as ANOVA
and ACO (ANOVA-ACO) algorithm. In this study, a hybrid
technique is suggested to select features in high dimensional
datasets. The best subset of features were selected and
classified using SVM.

3.1 Datasets

High-dimensional data investigations have been discussed
extensively. An ANOVA-ACO and SVM classification
algorithm is proposed using mosquito anopheles gambiae
gene expression data consisting of 14,914 gene features
with 37 attributes of Uganda, mosquito’s gene data (Isaacs
et al.,, 2018), with its profile transcript contents, genes,

descriptions, control, resistance, susceptible for combating
malaria  transmission, through anopheles gambiae
mosquitoes which is an openly accessible data, it is
tabulated in Table 1. MATLAB experimental tool is used to
experiment, ANOVA-ACO is proposed and used to fetch
relevant features. The selected were classified using the
SVM.

Table 1 Dataset structures
Dataset Attributes Instances
Mosquito anopheles gambiae 36 14,914

3.2 Analysis of variance

ANOVA is a filter-based feature selection method used to
analyse gene expression results and fetch for important
treatment effects by selecting interesting p-value genes.
This approach is dynamic and adopts the normal distributed
population sample size with equal variance with mutually
independent results (Mallika and Saravanan, 2010). The
one-way ANOVA is used in this analysis. It achieves an
investigation on the comparison of two or more classes for
individual genes and yields a single p-value distinct classes
from others. It is important.

The smallest values are the most greatly varied genes. If
the p-value for the F-ratio is fewer than the difficult value of
all the information provided in the ANOVA table, then the
effect is important. The p-value is set to 0.05 in this study,
where values less than outcomes in important effects,
although any value more than these value outcomes to
non-significant effects. The very small p-value suggests that
there are extremely important variations between the means
of the column. The likelihood of the F-value emerging from
two similar distributions provides us with a measure of the
importance of the sample variation and between-sample
variation. Small p-values suggest a low likelihood of
interesting genes because of the sampling of the sample
variations’ internal sample distribution. The p-values are
used in this study for individual gene ranking and wise
generating for pairs (Adebiyi et al., 2021).

ANOVA test conducts a variance analysis for each
function, where the function describes the class variable. It
uses the statistic value as ranking. The complex the F-score,
the difference in the mean values between the conforming
function groups are. The filter score is specified for each
characteristic as;

S (x —x) fi-1)

ANOVA test (X,,) = = (1)

folzj;l(ng'm) —x{" )2/(n -1)

where / is the Y classes and xl»(j’”), ief{l,...,lI},j=je {1,

..., nj}, are the observed values of the features X, for class i
instances.
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1 n;
The x™ =— xm
"=

i are the mean values of X,
J=1 -

. . _ 1 7 ni .

in-class i and x™ :—Z_ 12 _ lx,-(jm) is the mean of X,
e i) L =1

for all instances in the dataset (Bommert et al., 2020),
Algorithm 1 shows the ANOVA procedure.

Algorithm 1 ANOVA Algorithm for feature selection

Input: Sample size Y * X features matrix.
Output: Selected N features

1 for each selected feature set do

2 i=1,2,...,n.

3 Calculate the value of features with the degree between
classes with the total number of classes —1

4 Evaluate the value of the degree of classes with mean
square error within classes.

5 Calculate the F-statistics value (Fi) by mean square error
classes

6 Evaluate the p-value for individual f-statistics obtained in
the dispersal table

7 if pi < 0.5 then
Fetch the features fi

9 Add fi to a feature matrix Xn
10 Else

11 Discard fi features

12 Endif

13 Sort feature set in the population size
14 If size X > 5,000 then

15 Select top feature sets

16 Else

17 Keep X feature matrix

18 Endif

19  End for

20 Return X feature matrix

3.3 Ant colony optimisation

ACO portrays the action of the use of real ants as a useful
metaheuristic technique to solve several intricate problems
gotten in the discounted list. ACO uses the pheromone level
as the algorithm’s ending principle (Singh et al., 2020). The
ACO algorithm a wrapper-based method for selecting
features using a probabilistic procedure to solve
computational difficulties to minimise search pathway by
finding the optimal track through graphs, that can typically
be utilised for finding optimal feature subsets (Sun et al.,
2019).

Let Y,,(0) = K, where K is a constant, and the n™ and
defines each path’s position according to the number of
pheromones, where n =1, 2, ..., m. The n™ ant’s probability
shifts at the p™ moment from the / position to the g™
position, which is defined as

Lo Y5 (005 ()
Spq(¥) = B
Z sample € allowednY; (¥)phg (V)

2

The important relative track and o« > 0; £ is the relative
important visibility # < 0 and calculated using a

metaheuristic algorithm. Algorithm 2 shows the procedure
the ACO uses.

Algorithm 2 ACO algorithm for feature selection

Input: Sample data; nmax; m; o; B; A; ti0, 1; min; max.

Output: Total optimum result S.

Begin

1 Select the subset features of gene

2 Use Algorithm 1 hypothesis for the gene-similarity graph.

3 Fetch the initial subset of genes.

4 Apply ACO to the selected genes subset

6  Step 1: ACO joint with the ANOVA

7  Set pheromone matrix by ones.

for T=1; T < nmax;

8 fori=1;i<m;

9 build the path for optimum result (S) for ant
based on probabilistic decision rules.

10 Calculate the fitness of the optimum result using
LOOCV.

12 ifi==1 then

13 Soptimum = S

14 end if

15 if f(Soptimum) < f(S) then

16 Soptimum = S

17 end if

18 Update pheromones based on S.

19 end for

20 Return

3.4 Proposed approach (ANOVA-ACO)

In this study, the ANOVA-ACO approach is proposed to
fetch relevant features from high-dimensional data, which
can help make relevant decisions for clinicians in the
designs of drugs and approaches to eradicate malaria
infections in humans. The ANOVA uses a 0.5 p-value in its
decision make; it is a filter approach and not sufficient
enough as noises have been observed. Adopting ACO to the
selected features from the ANOVA is an interesting
approach due to the important task of an ant search, which
includes the rule generation, the prune rules, and updating
of pheromone that helps enhance the algorithm (Yu et al.,
2009; Arowolo et al., 2021a).

3.5 Support vector machine

The next step after pre-processing is the classification
process, after reducing the dimensional complexity of data.
The primary target in this experiment is classification. The
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data is diagnosed (classified) at this point based on whether
they are infected or not. It uses the SVM algorithm. The
algorithm’s outcomes are then compared and evaluated
based on accuracy.

Figure 1 Flowchart for proposed ANOVA-ACO algorithm

[ Input gene expression data ]

!

ANOVA feature selection |

[ RESULT ]

The SVM classification algorithm is a useful tool to solve
the problem of classification. It has a major advantage of
high generalisation capability, absence of local minima, and
suitability for a small-sample dataset, compared to
conventional classification methods (Yu et al, 2009;
Arowolo et al., 2021b). Given the dataset S = {(x;, y;) | x; €
yvie {~1,+ 1}, i=1, ..., N}, where x; is a sample of the
d-dimension, y; is the corresponding class name, and N is
the number of samples.

3.6 Performance evaluation

To validate the performance of the proposed ANOVA-ACO
and SVM experiment, MATLAB was used to experiment. A
standard performance metrics such as the classification
accuracy, sensitivity, specificity, precision, recall, f-score,
and confusion matrix is utilised, using four specific
parameters known as the true positive (TP), true negative
(TN), false negative (FN) and false positive (FP)
(Basavegowda and Dagnew, 2020).

4 Result and discussion

In this study, an extensive experiment to validate the
classification performance of a proposed
ANVA-ACO-SVM algorithm is carried out. The experiment
is performed using a malaria vector dataset.

The descriptions of the gene expression datasets are
shown in Table 1, comprising of the number of 36 samples
and 14,914 numbers of gene samples.

These data are characteristically high-dimensional with
small samples. ANOVA uses a p-value of 0.5 to fetch out
relevant information from the high dimensional data using
this experimental method. Five thousand nine hundred
eighty-three features were selected, the reduced data are
passed into the ACO to further fetch for the latent relevant
subset of the features, and 1,641 features were selected. The
amount of the sample population is X = 5,000 in
Algorithm 1, the maximum number of iterations is set as

2,000 for the ACO, and since the amount Q of pheromone
on the path from ants in iterations is related to the distance
between notes p and ¢g 1,560, one sets Q = 3,000.

The experimental operating system uses Windows 10,
Intel Core 15, and 8 GB RAM with MATLAB 2015A.

This proposed experiment evaluates the classification
performance of our proposed algorithm in terms of
classification accuracy. The classification accuracies of the
ANOVA-ACO-SVM algorithm are compared with those of
the state-of-the-art related. Figure 2 showed the loaded data.

Figure 2 Dataset for malaria vector (see online version
for colours)
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In this study, the selected data using ANOVA is passed into
the SVM classifier, with ten folds cross-validation, 80%
training, and 20% testing. Figure 3 shows the confusion
matrix for the classification.

Figure 3 ANOVA-SVM confusion matrix (see online version
for colours)

Confusion Matrix for: Support Vector Machine

1
50.0%

50.0%
50.0%

True class

0 1 TPR/FNR
Predicted class

Notes: TP=38; TN=11; FP=11; FN=2.

To wvalidate the gene expression data experiment,
ANOVA-ACO is used, with ten folds cross-validation, with
80% training ad 20% testing. The confusion matrix of the
experiment is shown in Figure 4.
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Figure 4 ANOVA-ACO-SVM confusion matrix
(see online version for colours)

Confusion Matrix for: Support Vector Machine

True class

76.4%
236%

0 1 TPR/FNR
Predicted class

Notes: TP =363; TN =799; FP = 66; FN = 112.

To visualise the gene expression values, the scattered plot
shows the selected features in Figure 5.

Figure 5 The scattered plot for the selected features, depicting
the variables X and Y (see online version for colours)
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In this study, dimensionality reduction approaches using
ANOVA and ANOVA-ACO were carried out to classify
malaria vector datasets. SVM was used as a classification
algorithm to evaluate the performance of the experiment.
Table 2 shows the performance evaluation and compares it
with the state of the art in Table 3.

Table 2 Performance evaluation for the experiment
Z ‘Z{ fcr:”%ce ANOVA-SVM ANOVA-ACO-SVM
Accuracy 79.03 86.71
Sensitivity 95 76.42
Specificity 50 92.37
Precision 77.55 84.62
F1-score 85.39 70.53

In this study, a two-stage feature selection experiment was
carried out using ANOVA-ACO and classified using SVM.
The experiment achieved about 87% accuracy and

compared with the state-of-the-art. The experiment shows a
promising performance that clinicians can adopt in the
decision-making of drugs and transmission resistance of
medications and insecticides. In summary, the proposed
method significantly reduced the dimensional gene
expression dataset with relevant outcomes.

Table 3 Comparison of the proposed system with existing
models

Authors Experiments Results%
Srinivasu et al. (2021) MobileNet V2-LSTM 93
Zahoor and Zafar (2020) ITO 88
Sun et al. (2019) Fishers 83.8
Salman et al. (2018) ANN-PSO 80.34
Sun et al. (2019) Relief-F-ACO 83.2
Azar et al. (2016) PMGRS 90

5 Conclusions

Identification and classification of relevant genes in
high-dimensional clinical data have been explored widely.
In this paper, a two-stage feature selection method, based on
ANOVA-ACO, was proposed to reduce the dimensionality
of dataset genes and improve classification performance.
Firstly, ANOVA, as a filter-based feature selection
approach, was used to select relevant information for a
given malaria vector dataset. It presented relevant features
with the p-value of 0.5 and 5,983 relevant features. To
further improve the classification performance, the ACO
algorithm as a wrapper-based method was used to select the
optimal subtype of the selected features achieved from
ANOVA. Finally, the SVM classification was used on the
developed model. The experimental result achieved about
87% accuracy and shows that the proposed model is a
promising one that clinicians can adopt for decision-
making. However, the sensitivity was discovered to be
relatively low and can be considered for improvement in
future work by considering other classifiers such as the
KNN or hybridisation of the SVM classifier. The results
have proven and open gap for futuristic decisions, the ACO
algorithm is focused to the optimisation of the classification
specifications and signifies an accurate and consistent
quality of interactions, as proved by this investigation,
which was premised on the implementation and
advancement of machine learning techniques for malaria
infection. This study’s main limitation is that the proposed
method is its sufficiency for biological exploration of other
ailments, as the promising approach cannot optimally
balance sizes of gene features and classification accuracy.
Hence further experiment is required to adopt the
development model for other bioinformatics discoveries and
further improve the classification using other optimisation
strategies and classifiers like the PSO and the KNN.
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