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Abstract

In the past ten years, the HIV epidemic in the Philippines has grown and changed rapidly. The rate of
detected HIV infections has sharply grown to 32 cases per day, going from a low and gradual to a fast
and furious epidemic. Thus, some modeling and forecasting methods are necessary for the country to
predict the spread pattern and enforce mitigation measures. In this study, the researcher uses Artificial
Neural Network in time series forecasting to determine the impact of Antiretroviral Therapies (ART)
in the Philippines. The datasets extracted from the HIV/AIDS and ART Registry of the Philippines for
the period March 2009 — February 2022 (156 months) are carefully examined for forecasting and
analysis. Findings revealed that the cumulative cases in the country by December 2030 will reach
256,983, showing an upward linear trend, with the highest peak in March 2025 of 4,225 cases. The
observed and predicted values of HIV epidemics are somewhat close and similar, as supported by the
lower values of its RMSE, MAE, and MAPE and higher coefficient of determination. Further,
findings showed that as per the United Nations’ SDG-3 of Project 2030, the Philippines is still far
from the goals for ending the HIV epidemic due to an increase in HIV incidence in the country. Thus,
the Philippine government must continue to adopt the 90-90-90 UN targets and improve further its
ART program.
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novel approaches to retain PLHIV in care,
supporting adherence, and reaching viral
suppression [4]. Although the first case (2
cases) was detected in 1984, ART in the
Philippines just started with 31% coverage last
March 2009. The cost of first-line antiretroviral
(ARV) medications is Php 7,230, while the cost
of second-line ARV is Php 81,970 per patient
per year, according to the Philippines’
Department of Health (DOH) [5]. However, it
can be difficult to persuade patients to test,
develop high compliance levels with ART, and
retain in care because of a lack of awareness,
obstacles to receiving care, and pervasive
stigma [6]. Poor outcomes for many HIV
patients are caused by loss of follow-up, high
rates of first-line therapeutic failure, and
inadequate medication adherence, just like in
many underdeveloped nations like the
Philippines [4], [7].

I. INTRODUCTION

The Asia-Pacific region’s HIV/AIDS epidemic
is spreading quickly in the Philippines[1]. With
an increase from 311 cases in 2007 to 11,427
cases in 2018 - a nearly 37-fold increase in new
HIV incidence - national surveillance statistics
reveal that the number of instances of new HIV
infection in the nation has increased at a
concerning rate [2]. With 76 percent of people
living with HIVV (PLHIV) aware of their status
and 57 percent of those who are aware of their
status and are receiving treatment, the
Philippines is making slow progress toward the
HIV/AIDS 90-90-90 goals, according to
surveillance reports from the Joint United
Nations Programme on HIV/AIDS (UNAIDS)
[3].

Treatment as prevention is an important
strategy to end AIDS. A priority is exploring
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Health systems and politicians are significantly
impacted by the predictions of HIV/AIDS
transmission rate and models of its future
values [8]. To recommend new public health
responses and approaches and assess the
effectiveness of already-enacted policies,
policymaking relies on discernments created by
prediction models [9]. The ability to predict
epidemics like HIV is crucial. Knowing the
spread’s development trends will assist
governments and medical professionals develop
the best therapies, protections, and preventive
methods possible [10]. To predict the spread of
an epidemic, applying Artificial Intelligence
(Al) techniques is a good substitute for
conventional epidemic models [11].

For machine learning to predict the trajectory of
the HIV epidemic, data sequences acquired
over time are typically used as inputs. To
anticipate the spread of HIV, a number of
widely used methodologies have been put into
practice. For instance, to match the HIV
incidence data in Guangxi, China, from 2005 to
2016, Long Short-Term Memory (LSTM),
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Autoregressive Integrated Moving Average
(ARIMA), Generalized Regression Neural
Network (GRNN), and Exponential Smoothing
(ES) models were all utilized [12]. When the
value of N was 12, the LSTM model’s Mean
Square Error (MSE) was the lowest. When
predicting HIV incidence in Guangxi, GRNN
and ES models performed particularly badly.
Using the ARIMA (1,1) model, a different
study employed the ARIMA algorithm to
forecast the number of HIV cases in Indonesia
up to 2030 [13]. Using the same method for
forecasting was also performed by the
researchers in Finland [14], Nigeria [15], Korea
[16], Brazil [17], Uganda [18], and various
countries [19]. Although the model can
generate a visually dynamic future forecast, the
MAE values need further improvement. Other
notable and recent Al and statistical
applications for forecasting HIV epidemics are
shown in Table I.

Table I: Other Al and Statistical Applications for HIV/AIDS Forecasting

Methods Region Pros Cons References
Generalized Brazil Denotes the early It relies on AIDS [20]
Growth Model growth dynamics incidence
(GGM) of the HIV surveillance data.

epidemic.
Modes of Morocco Provides mapping It does not hold for [21]
Transmission of HIV exposures. heterogeneity.
Model (MoT)
Box-Jenkins Philippines The model is Most of the ACF and [22]
appropriate for the PACF values are not
series. significant.
Box-Jenkins Zimbabwe Generally stable  They are focused [23]
“Catch-All” and acceptable for only on a local level.
forecasting.
Univariate  Box- Philippines Best model is Must use [24]

Jenkins

SARIMA (2,1,0)

optimization.

(0,0,1) with drift.

With several Al strategies available, the
Artificial Neural Network (ANN) has shown
superiority over earlier suggested forecasting
models in more desirable values for accuracy
and precision [8]. ANNs can be created by
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replicating a network of model neurons on a
computer, and they are influenced by the early
theories of how the human brain processes
sensory information. We may train the network
to tackle various tasks using algorithms that
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closely resemble the operations of actual most popular and widely-used network
neurons [25]. It has been used to tackle paradigm in many applications such as
problems like gene prediction, speech forecasting [26]. The application of the ANN
recognition,  protein  secondary  structure model in predicting HIV epidemics is shown in

prediction, and cancer categorization. It is the

Table II.

Table I11: ANN Implementations in HIV/AIDS Forecasting

Region Problem Description References

Guangxi, China HIV/AIDS incidence data in Guangxi, China, for 2005- [12]
2016.

Niger Delta, Nigeria HIV/AIDS prevalence and transmission in Rivers State, [27]
Nigeria’s Niger Delta.

Egypt Egypt’s ART Coverage from 2000 to 2018. [28]

China Comparison of the ARIMA and BP ANN models’ [29]
predictions for the incidence of HIV/AIDS.

Kenya ART Coverage in Kenya Using the MLP Neural [30]
Network for 2000-2018.

South Africa ART Coverage in South Africa Using the Multilayer [31]
Perceptron (MLP) Neural Network for 2000-2018.

Gweru District Hospital, New HIV infections in pregnant women in Zimbabwe. [32]

Zimbabwe

Malawi Use of the MLP for ART Coverage in Malawi from [33]

2000 to 2018.

The table shows no recent study on predicting
HIV cases in the Philippines using ANN. Also,
there is no ANN model in the Philippine setting
studying the impact of ART for 2009-2022.

In this study, ANN has been examined in-depth
to forecast the monthly cases of HIV in the
Philippines until 2030, the global target to end
HIV/AIDS by adopting the 3™ Sustainable
Development Goal (SDG-3) of Project 2030.
With the ART program started in the
Philippines in March 2009, the paper will study
the program’s impact by assessing the nation’s
progress towards achieving a decline of 90%
between 2010 and 2030 of new HIV infections
[34].

The study’s primary objective is to create an

ANN model to predict the number of monthly

cases in the Philippines. Specifically, it intends

to:

1. Validate whether the ART dataset is a
good fit for the ANN model in forecasting;
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2. Forecast the number of monthly and
cumulative cases by the end of 2030;

3. Determine the nation’s progress in the
adoption of SDG-3 of Project 2030;

4. Compare the outcomes between the
predicted and observed monthly cases of
HIV epidemics in the Philippines; and

5.  Determine the ANN model’s performance
measures using the following standard
metrics for regression: RMSE, MAE,
MAPE, and R?.

Il. MATERIALS AND METHODS

Data

The HIV/AIDS epidemic in the Philippines
started in 1984 with 2 cases; however, the ART
coverage began in 2009 [5]. Therefore, the
dataset from March 2009 to February 2022 (156
months) will be wused for forecasting to
determine the impact of ART coverage in the
Philippines. The San Lazaro Hospital
STD/AIDS Cooperative Central Laboratory
(SACCL) confirms the dataset sources,
including the HIV/AIDS and ART Registry of
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the Philippines (HARP), the official database of
all laboratory-confirmed diagnoses, HIV-related
fatalities in the Philippines, and ART outcome
status. Confirmed HIV-positive persons were
reported to the DOH-Epidemiology Bureau
(EB) and recorded to HARP. One hundred fifty-
eight (158) major HIV care treatment facilities
and treatment centers in the Philippines provide
ART numbers, which are counts of HIV-
positive adult and pediatric patients currently
enrolled and receiving ARV medication during
the reporting period.

Concept of the Study

The prediction of HIV/AIDS monthly cases in
the Philippines until December 2030 was
performed using the ANN model. This
algorithm’s forecasting and prediction is a
multi-stage process (Fig. 1). The exact
procedures used in the investigation are shown
in Figure 1. First, monthly HIV cases were
organized in order of occurrence. These data
were further classified by focusing on the
MATLAB environment’s cell and row matrix.
To obtain accurate results, an appropriate
network is necessary. As a result, the three
sequential layers of the neural net time series
known as ntstool, which includes training,
validating, and testing the outcome, were
selected. The HIV data that had been gathered
had been used for testing, training, and
forecasting new HIV infections in the
Philippines. Performance, final judgment, and
optimum model structure design were evaluated
using statistical techniques that are often used
to assess prediction outcomes.

© 2022 JPPW. All rights reserved
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Fig. 1: Methodological Flowchart of
Predicting HIV/AIDS Monthly Cases using
ANN Model

Artificial Neural Network

In this work, an ANN forecasting model is
used. It is a greatly condensed representation of
the biological brain network’s architecture. It
has connected processing units that work
together to perform pattern recognition[35].
Neural networks are designed to understand the
link between inputs and output variables using
cross-sectional data, much like regression. Time
series analysis is how ANNs are most
frequently used for predicting. Based on
historical data, ANN models help predict future
values. [36]. Input and output can be plotted in
ANN models. When the weights and inputs
flow through the appropriate neurons, it
functions as a multiprocessor, parallel
processor, and distributed system [37].

Fig. 2 shows a straightforward neural network
model. It consists of three parts: a summing
component, an activation function for limiting
the amplitude of a neuron’s output f(), and a
collection of connecting links, or synapses, that
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pass input x linked to the neuron multiplied by
the weight, w;x;. In fig. 2, wy, w, ...w;, are the
set of weights that can be compared to signals
or connection strengths, whereas, xq,x, ...x;,
are the set of inputs. The weight will provide a
high value if the input strength is strong;
conversely, the weight will also be lower if the
input strength is low. So the inputs are
multiplied with weights and expressed in (1) —

(4):

=S (1)

S= ) (wx;—0) (2
2

S=f(x)=x (3)

0=b—-s=b—x 4

generation  Layers

N W - S ;
R // a, Summing

e

Activation

Output
// a, m X S=f(x)
// Z(w,x,— 8) |—
Oy Oz i
e

Function f(.)/
Threshold value

8,

()

e,

Fig. 2: Three Layers Make Up a Basic
Neural Network Model: Input, Hidden, and
Output

The above equation’s summation value is
crucial as it determines the threshold value. A
neuron with the appropriate weight and
threshold value generates an output in units of
time because it has a single input and a single
output. To compare the difference between
input and output, the threshold function is
necessary. The output will be 1 if the output
sum S(f(x)) weight is greater than this threshold
value and 0 otherwise. One way to spell it is as
follows

fx)=1,x>0 (5)
fx)=0,x<0 (6)

© 2022 JPPW. All rights reserved
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There are typically four threshold functions that
are frequently used: the signum function, the
piecewise linear function, the hyperbolic
tangent function, and the sigmoid function.
[38]. In the current investigation, a linear
transfer function was employed between hidden
and output layer neurons, while a tangent
sigmoid function was used between input and
hidden layer neurons. The mathematical
equivalent of this function is tanh (N). In neural
networks, where speed is important, this
function has a suitable adjustment, and the
precise value of the transfer function is
consistent. [39].

MLP is the most well-liked and widely applied
neural network design [40]. Future intelligence
might be better structured with MLP networks’
learning and perceptive abilities. The current
work used a nonlinear autoregressive method
coupled with a multilayer feed-forward neural
network structure.

Future values of one or more time series are
predicted using the past values of those time
series, which is a type of dynamic filtering.
Tapped delay lines are used in neural networks
for nonlinear filtering and forecasting. A
nonlinear autoregressive (NAR) tool is used in
the study using MATLAB R2021a for time
series problems in ntstool. Given the previous
value of y(t), it predicts the series time value of
y(t). In mathematics, it can be stated as

yt=fyt-D+yt-2)+yt-3) (7)
+ y(t—m)

156-month data were used to train and test a
model for forecasting monthly cases of the HIV
epidemic in the Philippines. The MLP model
was utilized, although either overfitting or
underfitting is the main problem with
employing MLP. Because of this, there are
inconsistencies between the input and output
layers. To cut down on these errors, the Stop
Training  Approach  (STA) has  been
implemented. HIV monthly case data are
collected and separated randomly into training,
validation, and testing data.
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To obtain the intended result (t), the target time
series dataset was chosen. Because the target
dataset “HIV monthly cases” is an X cell array
of x matrix, indicating dynamic data x time
steps of 1 element, the cell column as a time
series row matrix was selected in the time step.
80 percent of the 156 months’ worth of data are
training data. The 124 HIV monthly cases time
series data are split into 1 x 124 cell arrays of 1
X 1 matrices. In this case, training is linked to
ANN’s learning process. 20% of 156 data
points are used for testing (10%) and validation
(10%). This suggests that a 1 x 16 cell array of
a 1 x 1 matrix is used to separate the time series
data for 16 HIV monthly cases. The value of
validation and testing can be changed from 5%
to 35%, which automatically changes the
selection ratio and affects the value of training.
However, the optimal choice is 80/10/10, which
is the default. Selecting the hidden layer is
another crucial step that impacts the output
accuracy. Here, ten (10) hidden layers have
been picked. Feedback delays are set to 14,
which means that to produce a suitable model,
the training data must be subtracted by 14
monthly cases.

Evaluation Metrics

This study uses four metrics of regression, as
shown in (8) to (11), to evaluate the
performance of the ANN forecasting model
using Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE), and Coefficient of
Determination (R?) [41]:

Ny
1
RMSE = | Z(Pyi — Y)2 8
=1
Ns
1
MAE=—Z|Pyi— Y| 9)
N ¢
i=1
1% Py— Y
MAPE = ~ Z yi 10
i=

?:1(111' - Pyi)z

R?=1- =
?:1(Yi - YL)Z

(11)
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The lowest RMSE, MAE, and MAPE values are
the best method. The higher value of R?
indicates a better correlation for the technique
[42].

IIILRESULTS AND DISCUSSION

On Validity of ART Dataset as a Good Fit for
the ANN Model in Forecasting

By altering the neurons of hidden layers during
the training, testing, and validation processes,
several structures have been confirmed. The
least RMSE and highest R? values were found
in the ANN structure 1-10-1 (Input-Hidden-
Output), which was regarded as the best
structure. The dataset describing ART
implementation in the Philippines is appropriate
for predicting monthly HIV/AIDS cases in the
future when put into the suggested model. As a
result, the training model’s R-value is 0.99937,
while the tested model’s R-value is 1.0,
indicating a very high prediction accuracy. The
model’s autocorrelation plot is shown in Figure
3. It is obvious that the values are getting closer
to 0, which denotes a stronger positive
correlation.

Fig. 3: Autocorrelation Plot of the Model

On the Predicted Future Values of Monthly and
Cumulative Cases by the End of 2030

With the use of Table IlI, we can project the
monthly and total incidence of HIVV/AIDS cases
in the country over the period of months 157 —
262 (March 2022 — December 2030). Predicted
cumulative cases by the end of December 2030
is 256,983, nearly a 3-fold increase from the
actual cumulative cases in February 2022 with
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93,5657 cases. However, it is predicted that the happen during March. The predicted highest
monthly case will reduce to 317 only, a 69.92% new HIV infection in a month will be in March
decrease from the February 2022 actual case of 2025, with 4,226 cases.

1,054. Furthermore, the seasonal peaks usually

Table 111: Sample Predicted Number of HIV/AIDS Cases in the Philippines for the Period
January 2029 — December 2030

Month, HIV Monthly Cumulative Month, HIV Monthly Cumulative
Year Cases Cases Year Cases Cases
Jan-29 830 224,787 Jan-30 1,830 247,139
Feb-29 1,468 226,255 Feb-30 62 247,201
Mar-29 1,633 227,887 Mar-30 287 247,488
Apr-29 996 228,884 Apr-30 441 247,929
May-29 3,704 232,587 May-30 760 248,690
Jun-29 377 232,964 Jun-30 360 249,050
Jul-29 2,759 235,723 Jul-30 2,491 251,541
Aug-29 2,403 238,126 Aug-30 2,156 253,697
Sep-29 588 238,714 Sep-30 457 254,154
Oct-29 4,090 242,804 Oct-30 1,093 255,247
Nov-29 2,220 245,024 Nov-30 1,420 256,666
Dec-29 285 245,309 Dec-30 317 256,983

Interestingly, based on Fig. 4, the predicted trend, meaning the HIV/AIDS cases in the
values show random albeit cycles with upward Republic of the Philippines will continue to
and downward drifts. The amplitude or distance increase.

varies in length with sudden jumps. On the

other hand, Fig. 5 still offers a linear upward

Predicted Monthly Cases of HIV in the Philippines (2022-2030) Using ANN
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Fig. 4: Time Series Plot of HIV/AIDS Monthly Cases in the Philippines
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Predicted Cumulative Cases of HIV in the Philippines (2022-2030) Using ANN
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Fig. 5: Future Values of Cumulative Cases of HIV/AIDS in the Philippines

On Philippines’ Progress in the Adoption of
SDG-3 of Project 2030

“No one should be left behind”; this is the core
principle of the 17 SDGs and the AIDS
response. Without addressing the needs of
PLHIV as well as the factors that determine
vulnerability and health, the AIDS pandemic
cannot be stopped. A goal and aspiration to
eradicate  HIV/AIDS by 2030 have been
actively publicized by UNAIDS [43]. During a
High-Level Meeting in 2016, the UN General
Assembly discussed this problem, and the
SDG-3 included a goal to end the HIV/AIDS
pandemic by 2030 (Project 2030) [44]. A
reduction in new HIV infections of 90%
between 2010 and 2030 is the quantitative
definition of Project 2030’s success [45].

In December 2010, the Philippines recorded an
actual new HIV infection of 174. Based on the
ANN forecasting model, by December 2030,
the new HIV incidence will reach 317, an
82.18% increase. Further, based on cumulative

© 2022 JPPW. All rights reserved

cases annually, the actual 2010 data shows new
HIV incidence at 1,591, while the 2030 forecast
shows that the case rises to 11,674, a 633.75%
increase. Thus, the Philippines is still far from
the goals of ending the HIV epidemic, despite
rigid HIV testing and treatment cascade.

On Comparison between Observed and
Predicted Values of HIV Epidemic

The neural network’s training, validation, and
testing results are compared to the observed and
anticipated monthly rates of HIV/AIDS in Figs.
6 and 7. The training phase will further
generalize and evaluate the structure that was
learned from the prior target data points. The
graph demonstrates some instances where there
is a slight variation between the expected and
actual HIV cases. Additionally, the outcome
suggests that, in some circumstances, the values
of projected and observed HIV/AIDS cases are
near and comparable. As a result, the overall
outcome can be regarded as noteworthy.
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Monthly Cases of HIV in the Philippines from 2009-2020 using ANN
(Actual vs Predicted)
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Fig. 6: Comparison Between the Predicted and Observed Monthly Cases of HIV/AIDS in the
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Cumulative Cases of HIV in the Philippines from 2009-2020 using ANN
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Fig. 7: Comparison Between the Predicted and Observed Cumulative Cases of HIV/AIDS in the
Philippines

On the Performance Measures of ANN
Forecasting Model

Table 1V shows the accuracy of the model for
trained and tested data. The RMSE, MAE, and
MAPE output produced very low values, which

therefore, a highly reliable model for this
forecast.

Table 1V: Performance Measures of the
Trained and Tested Model

Performance Measurement Values
means the method used is effective. On tr_1e RMSE 5.61
oﬁheli Itg;ng, based oncl Mod;:l .Googness-of-F;\)tz, MAE 164.78
the a_tas.ets used to obtain a ears?n S MAPE 46.90
= 0.5803 indicate a nearly perfect fit and,
R? 0.5803
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Iv. CONCLUSION

The findings presented lead to the following
conclusions:

1. The ART data sets used to train, validate,

and test the model have been found
applicable to forecasting future monthly
HIV/AIDS cases.

By December 2030, monthly and
cumulative cases in the country will reach
317 and 256,983, respectively, showing an
upward linear trend with somewhat a cycle
and seasonality. Also, the monthly trends
show random albeit cycles with upward
and downward drifts.

In compliance with SDG-3 of Project
2030, the Philippines is still far from the
goals of ending the HIV epidemic, despite
rigid HIV testing and treatment programs
because of an increase in HIV incidence in
the future, both monthly and annual data.
As a result of the substantial agreement
between observed and anticipated values
for HIV cases, the entire result may be
deemed reliable.

Based on performance measures, the
model produces accurate and reliable
results.
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