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Abstract

Introduction: Nowadays human immunodeficiency virus (HIV)/acquired immunodeficiency syn-
drome (AIDS) is very dangerous. HIV targets the resistant system and weakens people's denial against
many contaminations and some kinds of cancer. As the virus breaks up and impairs the function of im-
munity, infected people gradually become immunodeficient. Both deep learning and machine learning
models play a great role in the prediction of diseases. The function of immunity is CD4 cell count. In
this study both the machine learning and deep learning algorithms were applied.

Material and methods: In this paper the data were collected from data world. Support vector ma-
chine, random forest, naive Bayes, gated recurrent unit, and long short-term memory were used to
fit the incidence data. The performance of the model was evaluated by accuracy, precision, sensitivity,
and F-score with respective errors.

Results: Based on the evaluation, deep learning models achieve better results in the metrics of accu-
racy, precision, and F-score than machine learning models. But in sensitivity metrics machine learn-
ing models achieve better result than deep learning. Machine learning algorithms SVM, RE, and NB
provide accuracy of 89.00%, 87.00%, and 86.94%; precision of 75.89%, 74.97%, and 75.78%; sensi-
tivity of 87.96%, 84.00%, and 84.12%; F-score of 82.87%, 80.03%, and 79.05%, respectively. LSTM,
GRU provides accuracy of 97.65%, 96.00%, precision of 77.35%, 84.00%, sensitivity of 87.93%,
82.98%, and F-score of 82.03%, 83.20%, respectively.

Conclusions: The possibility survival of the illness is less than no illness. The existence of TB negative is
higher than TB positive. In the machine learning model SVM provides better sensitivity with 87.96%,
long short-term memory provides accuracy of 97.65%, precision of 77.35%, sensitivity of 87.93%, and
F-score of 82.03%.
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Introduction nant and breastfeeding women living with HIV also received

Human immunodeficiency virus (HIV)/acquired immu-
nodeficiency syndrome (AIDS) is a community healthiness
delinquent in the world. The World Health Organization
(WHO) reported that more than 33 million people live with
HIV/AIDS. In the report the great majority (85%) of preg-
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antiretroviral therapy (ART), which not only protects their
health, but also ensures prevention of HIV transmission
to their newborns. In addition to that, the WHO said that
the number of new people starting treatment is far below
expectation due to the reduction in HIV-testing and treat-
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ment initiation and ARV disruptions that occurred during
the COVID-19 pandemic. By the end of 2020, testing
and treatment rates showed steady but variable recovery.
Today it is one of the largest public health crises endanger-
ing the human race. In almost 3 decades since its first cases
were recognized, it has claimed the lives of millions of peo-
ple, making it one of the most devastating epidemics. Deep
learning and machine learning models play an inordinate
role in the prediction of sicknesses in health industries to
save human life early. Deep learning is a chunk of machine
learning which is defined as the knowledge representation
of data. If I human delivers the system tons of information,
it starts to understand it and respond. AIDS is a medi-
cal condition caused by the HIV and is a major problem
worldwide. The discovery of the HIV as the causative or-
ganism of AIDS and the inability of modern medicine to
find a cure for it have placed HIV as one of the most dread-
ed pathogens of the 21 century. The expansion of the ep-
idemic has now become a burning issue globally, and this
is particularly so in developing countries; especially in
sub-Saharan Africa.

Material and methods
Related work

Yang et al. [1]: In this paper a CPM model was built and
successfully predicted individual differences in global cog-
nitive performance. Singh et al. [2]: Two machine learn-
ing methods were applied: SVM and neural network. Yin
et al. [3]: DT, RE, and AdaBoost with DT (AdaBoost) were
applied. AdaBoost showed the highest accuracy = 92.8%,
precision = 91.5%, recall = 94.4%, F — 1 = 93.0%, and
AUC = 96%. The detection value of each variable was cal-
culated using the optimal machine learning algorithm.
Bisaso et al. [4]: Three models were used to multitask
temporal logistic regression, patient-specific survival pre-
diction, and simple logistic regression. Multitask logistic
regression provided better results than other models.
Bonet et al. [5]: Recurrent neural network models provid-
ed better accuracy of 94%. Singh [6]: Developing coun-
tries are characterized by poor infrastructure and limited
resources. Dubey [7]: svm, DT, ensemble methods, and
naive base classifier were applied; svm shows good re-
sult. Young et al. [8]: Machine learning can enable social
big data to become a new and important tool in HIV re-
search, helping to create a new field of “digital HIV epi-
demiology”. Gelaw et al. [9]: The proportion of the pop-
ulation who were migrants or who had a low educational
status was associated with a high risk of infection. Ram-
achandran et al. [10] concluded that retention in care is
crucial for individual and public health. Two techniques
were used: random forest and LR. Shen et al. [11]: Ma-
chine learning using a unified encoding of sequence
and protein structure as a feature vector provides an ac-
curate prediction of drug resistance. Marcus et al. [12]:
Machine learning has strong ability to improve delivery

HIV & AIDS Review 2022/Volume 21/Number 1

Minyechil Alehegn

of PrEP. Singh and Su [13]: Experiment results showed
that combinations of sequence, structure, and physico-
chemical features performed better than single feature
type for identification of HIV-1 protease cleavage sites. Tu
et al. [14]: Application of machine learning methods to dis-
sect the different variables. Singh et al. [15]: svm machine
learning model was applied for the prediction of HIV/AIDS.
Cole et al. [16]: Increased apparent brain aging, predicted
using neuroimaging, was observed in HIV-positive adults,
despite effective viral suppression. Ahlstrom et al. [17] iden-
tified that machine learning techniques can learn from na-
tion-wide electronic registry data and help to identify un-
diagnosed PLWH with a fairly high level of accuracy. Zazzi
et al. [18] concluded that high-quality training data play
a role in predicting purpose. Nan and Gao [19]: Three cri-
teria of forecasting performance, MAPE, RMSPE, and IA,
all indicate that the MLP model of ANNSs can result in accu-
rate forecasting of concurrent AIDS incidences and deaths
with Baidu search trend data. Lu ef al. [20]: Support vector
machine, random forest, and LSTM were applied. More-
over, Steiner et al. [21] used machine learning in studying
HIV drug resistance, and developed a framework that has
many important applications in viral genomics more broad-
ly. Wang et al. [22]: Four models were applied: LSTM, NN,
ARIMA, and GRNN - LSTM was the best. Rajpurkar et al.
[23]: tuberculosis (TB) is the leading cause of preventable
death in HIV/AIDS-positive patients. Mayr et al. [24]: Deep
learning excelled in toxicity prediction. Li ef al. [25]: BPNN,
RNN, LSTM were applied. The performance of the MHP-
SO-GRU network model was the best. Madigan et al. [26]:
The main factors in understanding HIV/AIDS prevalence
rates are physician density followed by female literacy rates
and nursing density. Oliveira et al. [27]: Multilayer artifi-
cial neural networks, k-nearest neighbour algorithm, sup-
port vector machines, and naive Bayesian classifiers. MLP
showed better results. Hajipour et al. [28]: Infant mortality
is the consequence of a variety of factors, including factors
related to infants themselves and their mothers and events
during pregnancy.

I use both traditional and modern approaches, i.e. ma-
chine learning and deep learning models for scalable and
accurate prediction of HIV/AIDS, which is effective in both
time and cost.

I use a flexible universal, learnable framework for repre-
senting world, visual, and linguistic information.

I use the model that can learn both unsupervised and
supervised.

In this proposed work there is the concept of flexibility to
use a pivot date for training/testing; you can start training/
prediction from any date of choice.

Data collection

A description of the attributes is shown in Table 1.
The dataset used in this paper was obtained from public
available world data [29].
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Data preprocessing

In this work, Principal Component analysis was applied.
In the dataset preprocessing data conversion (CSV to Arff,
Excel to CSV, etc.), data cleaning, and elimination of missing
data are included in data preprocessing.

Feature selection

In the investigative world, identifying the position of fea-
tures is very important, to get an efficient result in every aspect.
In this work 9 attributes are included. For feature selection to
identify the importance of a feature in this PCA was applied.

Predictive models for proposed work
Deep learning models
LSTM

It is a superior gentle of RNN is accomplished in learning
LT dependencies from the situation. This model is designed
to avoid long-term dependency problems.

The 3 gates are computed as follows:

f(t) o (W i (z)+th (t- 1)+b) (1)
(r> = c(W‘XX(t) + Wi h ent b) 2)

o,=0(W X, +Woh,  +b) (3)

where o is a nonlinear activation function. Most of the
time the sigmoid function can be used as an activation func-
tion for gates. A sigmoid layer decides what parts of the cell
state will be output. Inside LSTM intermediate state C  can be
generated as follow the input gates decide the updated value.

C, =tanh (W X + W, h, +b) 4)

A tanh layer creates a vector of new candidates. Then
the memory cell and hidden state of LSTM are updated as
follows:

C,=f,©0C,+i,0C, (5)

h(t) ([)G) tanh C(t) (6)

where tanh = the non-linear tanh activation function,
O is the pointwise that was used to denote multiplication

operation for 2 vectors.

GRU

GRU is the novice generation of RNN. GRU is like LSTM
except it is simple to compute and implement. The informa-
tion to pitch away and the new information to add decided by
this gate. The expanse of past information to Foregate is decid-
ed by reset gate. GRU as usual has the input and output layers.

=6 (W, [h, X)) @
"o o(wu X1 ®)
h', =tanh (W [r, xh,_,x]) (9)
h =(1- ([))X[h(t_1)+z([)xh([)] (10)

®
where z, is the updated gate, r, represents the reset gate,

and h' | represents new memory.

Machine learning models
Algorithm for SVM
Input:

Table 1. Attribute description

Attribute name Description

Sex Sex of the person
Marital status of the HIV+

Marital status

Place of residence The place of the patient

Religion Religion of the patient

Age Age of the patient

TB coinfected Check whether the patient
is coinfected or not

Medication Medication to give the patient

Illness Illness/No illness

CDh4 CD4 in count/mm?
Process:

Identification of right hyperplane

Exploiting the spaces between neighbor data point
Adding a feature Z = X* + Y~
Output:

Algorithm for NB

Input:

Process:

Learning Algorithm
Train

Test

P |C) P(C)
p(Clx) = T
Output:

Algorithm for random forest

fori=1tocdo

Randomly sample the training data D with replacement
to produce D,

Create a root node, N, containing D,

Call BuildTree (N,)

end for

BuildTree(N):

if N contains instances of only one class then return

else

Randomly select x% of the possible splitting features in N

Select the feature F with the highest information gain to
split on

Create fchild nodes of N, N, ..., N, where F has f possible
values (F, ..., Ff) fori=1tofdo

Set the contents of N, to D, where D, is all instances in N
that match F,

Call BuildTree (N)

end for

end if

Discussion

The attributes of the data are described in Table 1. In this
paper the obtained results from the experiment are shown in
Figure 1 and Table 2.
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20

Minyechil Alehegn

120
100

80

40

Ll

[l

Accurancy
errorAC

Precision

(]

(]

(]

O errorPr
@ Sensitivity
@ errorSe

B F-score

=]

errorFs

SVM

RF NB

Algorithms

LSTM GRU

Figure 1. Performance of machine learning and deep learning model

Table 2. Performance of both machine learning and deep learning model

Model Accuracy Error Precision Error Sensitivity Error F-score Error
SVM 89.00 11.00 75.89 24.11 87.96 12.04 82.87 17.13
RF 87.00 13.00 74.97 25.03 84.00 16.00 80.03 19.97
NB 86.94 13.06 75.78 24.22 84.12 15.88 79.05 20.95
LSTM 97.65 2.35 77.35 22.65 87.93 12.07 82.03 17.97
GRU 96.00 4.00 84.00 16.00 82.98 17.02 83.20 16.80
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Figure 2. Architecture of proposed workflow
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Figure 2 shows the proposed work flow.

Figure 3 shows the structure of LSTM, and Figure 4
shows the structure of GRU.

Figure 5 shows the data dependency of the machine
learning and deep learning algorithms studied. I compared
the results of the machine learning model and deep learning
model.

Figure 6 shows that the loss over epoch machine learn-
ing algorithms (SVM, RF, NB) provides accuracy of 89.00%,
87.00%, and 86.94%, precision of 75.89%, 74.97%, and
75.78%, sensitivity of 87.96%, 84.00%, and 84.12%, and
F-score of 82.87%, 80.03%, and 79.05%, respectively. In ma-
chine learning models SVM achieves better accuracy. In deep
learning models the model achieves better results than ma-
chine models. LSTM and GRU provide accuracy of 97.65%
and 96.00%, precision of 77.35% and 84.00%, sensitivity
of 87.93% and 82.98%, and F-score of 82.03% and 83.20%, re-
spectively. Based on the experiment results, the deep learning
model shows better results than old models.

As Figure 7 shows, possible survival of the illness is less
than no illness.

The existence of TB negative is higher than TB positive,
as shown in Figure 8.

Conclusions

Finding the forecasting of something based on the cur-
rent thing is satisfactory but difficult duty. An algorithm
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has the polr to the prediction of the future in the health
industry. Deep learning models are very influential for fore-
casting the future based on existing given data in the health
industry. In machine learning models SVM achieves bet-
ter accuracy of 89.00%. Based on the experiment results,
the deep learning model showed better results than ma-
chine learning models by providing accuracy of 97.65% us-
ing LSTM. The possibility survival of the illness is less than
no illness. The existence of TB negative is higher than TB

Deep learning

Performance

Older learning algorithms

Amount of data

Figure 5. Data dependency of machine learning and deep
learning algorithms

positive. The proposed deep learning model LSTM provides
the highest accuracy of 97.65% and low error of 2.35%.

Ethical approval

Permission to undertake this research was obtained
from the university teaching hospital as primary data and
use secondary data which is available online for research-
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participants in their local language after explaining the pur-
pose of the study, the benefits of participating in the study,
and the right to withdraw from the study at any time during
data collection. The participants were also assured the con-
fidentiality of their responses because their names were not
included in the questionnaire.
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