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Abstract

Objective AIDS is a highly fatal infectious disease of Class B, and Xinjiang is a high-incidence region for AIDS in China.
The core of prevention and control lies in early monitoring and early warning. This study aims to identify the best
model for predicting the monthly AIDS incidence in Xinjiang, providing scientific evidence for AIDS prevention

and control.

Methods Monthly AIDS incidence data from January 2004 to December 2020 in Xinjiang were collected. Six different
models, including the ARIMA (2,1,2) model, ARIMA (2,1,2)-EGARCH (2,2) combined model, ARIMA (2,1,2)-TGARCH (1,1)
combined model, ETS (A, A, A) model, XGBoost model, and LSTM model, were used for fitting and forecasting.

Results All models were able to capture the overall trend of the monthly AIDS incidence in Xinjiang. In terms

of RMSE and MAE, the ETS (A, A, A) model performed the best, achieving the smallest values. For the MAPE metric,
the ARIMA (2,1,2)-TGARCH (1,1) model performed the best. Considering RMSE, MAE, and MAPE together, the ETS (A, A,
A) model was the best-performing model in this study. The LSTM model also showed good predictive performance,
while the XGBoost model and ARIMA (2,1,2) model performed relatively poorly.

Conclusion The ETS (A, A, A) model is the best model for predicting the monthly AIDS incidence in Xinjiang. Deep
learning models (such as LSTM) have significant potential in time series forecasting. The XGBoost model and ARIMA
(2,1,2) model may have limitations when handling time series data, and future improvements or combinations could
enhance prediction performance.
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people died from HIV-related causes. Although signifi-
cant progress has been made in controlling AIDS globally,
the overall situation remains grim, with many patients still
not receiving treatment. To this day, AIDS remains one
of the most important and critical public health issues
faced by both developed and developing countries [4].
Data on the AIDS epidemic in China shows that by the
end of October 2020, there were 1.045 million reported
cases of people living with HIV in China, with 112,000
new AIDS infections in that year. By the end of 2019, over
960,000 people were living with HIV in China, with nearly
160,000 new infections that year. The cumulative number
of deaths reported had exceeded 310,000 [5].

AIDS 1is currently a major Class B infectious disease
under prevention and control in Xinjiang. Its spread not
only severely harms the health of the people in the region
but also causes significant economic losses. Since the first
case of HIV infection was reported in Xinjiang in 1995, the
AIDS epidemic has spread to all counties, cities, and districts
across the region [6]. An analysis of the annual incidence and
mortality rates of AIDS in Xinjiang and nationwide from the
2004-2020 data from the Public Health Science Data Center
of the Chinese CDC (see Fig. 1) reveals that both the annual
incidence and mortality rates of AIDS in Xinjiang are higher
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than the national averages. This indicates that the task of
AIDS prevention and control in Xinjiang faces tremendous
pressure, and the overall situation remains severe.

AIDS is a legally classified Class B infectious disease in
China, and since 2004, China has implemented network-
based direct reporting for AIDS. Currently, commonly
used models for infectious disease surveillance and early
warning include the grey prediction model [7, 8], infec-
tious disease dynamics prediction models [9-12], deep
learning prediction models [13-16], and time series pre-
diction models [17-20], with time series prediction mod-
els being one of the most widely used methods for AIDS
surveillance and early warning. A review of domestic and
international literature on AIDS reveals that the ARIMA
time series model is the most widely applied for predict-
ing AIDS incidence [21-25]. This study collected 17 years
of monthly AIDS incidence data from Xinjiang, and
applied the ARIMA model, ARIMA-EGARCH combined
model, ARIMA-TGARCH combined model, ETS model,
XGBoost model, and LSTM model to fit and predict the
monthly AIDS incidence data for Xinjiang from 2004 to
2020. The prediction results of the six models were com-
pared, providing valuable insights for future AIDS pre-
diction and early warning.
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Fig. 1 ATrend of annual AIDS incidence in China and Xinjiang from 2004 to 2020. B Trend of annual AIDS mortality in China and Xinjiang from 2004

t0 2020
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Data Source

This study uses the monthly AIDS incidence data for Xin-
jiang from 2004 to 2020 obtained from the official and
publicly accessible AIDS database of the Chinese Public
Health Science Data Center, China Centers for Disease
Control and Prevention (http://www.phsciencedata.cn/
Share/en/) [26]. All data are publicly available from the
web-based database, ensuring the data’s accessibility and
reproducibility for further research.

Data Analysis

The raw data were organized using Excel 2019. The
ARIMA model was constructed using the forecast pack-
age and the Arima function in R software version 4.3.1.
The ETS model was constructed using the ets function
from the forecast package. The ARIMA-EGARCH com-
bined model and ARIMA-TGARCH combined model were
specified using the ugarchspec function from the rugarch
package. For fitting the ARIMA model, the unit root test
(augmented Dickey-Fuller, ADF) was performed using
the ur.df() function from the urca package in R to check
if the time series was stationary. The Ljung-Box test was
applied to the residuals of the ARIMA and ETS models
using the Box.test() function from the stats package in R.
If the p-value was greater than 0.05, it indicated that the
residuals were white noise, and the model fit was consid-
ered good.For fitting the ARIMA-EGARCH and ARIMA-
TGARCH combined models, the presence of ARCH effects
in the residuals of the ARIMA model was tested using the
ArchTest function and the PortmanteauTest function from
the FinTS package in R.The XGBoost and LSTM models
were constructed using Python 3.9, with the LSTM model
built using the LSTM module from the Keras library and
the XGBoost model built using the XGBRegressor module
from the XGBoost library.Regarding missing data, as data
were missing for May, July, September, and October 2004,
the nalocf() function from R was used to apply forward fill-
ing to handle the missing values.

Method

ARIMA Model

The ARIMA model, also known as the Autoregressive
Integrated Moving Average model, was first proposed in
the 1970s by American statistician George Box and Brit-
ish statistician Gwilym Jenkins as a time series analysis
method. It is also referred to as the Box-Jenkins model
[27]. The ARIMA model is applicable not only to stationary
time series but also to non-stationary time series that have
been made stationary through differencing. The ARMA
model primarily includes the MA(g) model, AR(P) model,
ARMA (p, q) model, and ARMA(p,d,q) model. In these
models, p represents the order of the autoregressive part,
d represents the number of differencing operations, and g
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represents the order of the moving average part. The math-
ematical expression for the ARIMA model is as follows:

@(Bvd)xt — 0 (Be, )

In Formula (1): X; represents a time series at time t, &
represents white noise (with zero mean and constant vari-
ance), d represents the order of differencing, and B repre-
sents the backshift operator, i.e,, BX; = X;_;,V=1—-B.
In Formula (2): ¢ (B) represents the autoregressive opera-
tor, with the autoregressive coefficient polynomial given by:

¢(B) =1—¢1B—¢B2 —--- — ¢, B’ 2)

In formula (3), 0 (B) represents the moving average oper-
ator, and the moving average coefficient polynomial is:

6(B)=1—61B— 6B —--- — BT 3)

TGARCH Model

Glosten, Jagannathan, and Runkle (1993) [28] proposed
the Threshold Generalized Autoregressive Conditional
Heteroscedasticity (TGARCH) model. The model form of
TGARCH is:

Yt =C+ p1Ye—1+ p2)t—2 + -+ OpYt—p T U (4)

up ~ N(O, of)

14 q r

2 2 2 2

of =ap+ E o i” + E ﬂ,-crt_j—i- E ;g di_g
i=1 j=1 k=1

(5)
In formula (5): @ + B8 < 1; @ > 0;and «g> 0; r represents
the number of thresholds; I; denotes the indicator variable;
and if #; < 0, then I; = 1; u; > 0, then I; = 0. The condi-
tional variance o2 is determined by both the squared resid-
ual of the previous period ul.z_l and the conditional variance
2
o)
EGARCH model
Nelson introduced the Exponential EGARCH model [29]
to capture asymmetry. The model is expressed as:

Yt = 0tZy (6)

q )4
log(,2) =0+ Y Big(Zek) + Y _ axlog (o24) (7)

k—1 k—1

&z =0Zt + AllZi| — E(1Z:))] (8)
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In Eq. (6), atz is the conditional variance; ag, o, p > 6,
and M\ are the coefficients. Z; can either be a standard
normal variable or come from a generalized error distri-
bution. In Eq. (8), the structure of g(z,) allows the sign
and magnitude of Z; to have different effects on volatility.
Since log( o?) in Eq. (7) can be negative, the parameters

are not restricted by the sign.

EST Model

The EST (Exponential Smoothing State Space Model)
is a method used to predict future values by taking a
weighted average of past actual observations, where more
recent data is given higher weight and more distant data
is given lower weight [30]. The exponential smoothing
method fits the model by adding, multiplying, or apply-
ing no operation between the three main parameters:
error, overall trend, and seasonality. The formula for the
EST model is expressed as:

lt = C((yt - St—m) + (1 - a)(lt—l + bt—l) (10)
by =B — 1)+ 1A= B)b (11)
se=v (e —l) + 1 —y)si—m (12)

In formula (10), /; represents the level at time t, y; is the
observed value, s;_,, is the seasonal component, and « is
the smoothing parameter. In formula (11), b; represents
the trend component, and P is the smoothing parameter
for the trend. In formula (12), s; represents the seasonal
component, Y is the smoothing parameter for the season-
ality, and mmm is the length of the seasonal period.

XGBoost model

The XGBoost algorithm is an ensemble deep learn-
ing algorithm based on decision trees. It combines the
results of all decision trees by summing them to produce
the final output of the model [31], that is:

yi = Z;flm»ﬁfF

In formula (13), y; represents the predicted value for
the i sample; f;is the | decision tree; L is the total number
of decision trees; F is the set of all decision trees; and w; is
the feature dataset of the i signal sample.

The objective function of the XGBoost algorithm is:

0 = Z:;ll(yi,ﬁ“‘” +ft(Wi)) +2(f)

(13)

(14)
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T

Q) =yT+ %izazlwg (15)

In Eq. (14), 7"V is the predicted value for the i sam-
ple at the t — 1 iteration; Z;ﬂll(yi,ﬁ,') is the loss function
used to measure the error between the predicted value y;
and the true value y; for each sample. In Eq. (15), Q(ﬂ)
is the regularization function that helps reduce the risk
of overfitting; y, A are the regularization coefficients; T is
the number of leaf nodes; and wy is the weight of the o
leaf node.

LSTM model

The LSTM model was proposed by Hochreiter and
Schmidhuber [32] to address the gradient explosion and
gradient vanishing problems that occur in traditional
recurrent neural networks. Due to its unique structure,
it is widely used for modeling long time series data. The
core of the LSTM network lies in the updating and pass-
ing of the cell state. The forget gate discards unimportant
information from the cell state, the input gate decides
what information needs to be updated in the cell state,
and the output gate determines what information needs
to be output.

The forget gate is given by:

Je= U(‘/Vf -1, %] + bf) (16)
The input is given by:

it = o (Wi [h—1,%] + b)) (17)

Co = tanh(W, - [he—1,%:] + be) (18)

cell state:

Ct :ﬁ X Ct—l + it X ét (19)
The output is given by:

Or = 0 (Wo - [he—1,%¢] + bo) (20)

ht = Ot X tomh(Ct) (21)

In formulas (16-21), f;,i; and O, represent the output
vectors of the forget gate, input gate, and output gate at
time t, respectively. W and b are the weight matrix and
bias vector, with subscripts indicating the specific gate.
hy, hy—1 represent the hidden states at time t and t—1,
respectively. C; and C;_; are the cell state update vari-
ables at time t and t—1, respectively. Cvt is the candidate
cell state vector at time t.
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Evaluation Metrics for Prediction Accuracy

In this study, the AIDS monthly incidence data from Xin-
jiang from 2004 to 2019 were used as the training set for
model fitting, while the AIDS monthly incidence data
from Xinjiang in 2020 (from January to December) were
used as the test set to validate the model’s predictions.
The following evaluation metrics were chosen to assess
the model’s prediction performance: Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), and
Mean Absolute Percentage Error (MAPE) [33, 34]. These
metrics were used to compare the fitting performance of
different models on the training set and the predictive
accuracy on the test set.

1 n
MAE=LS" 5 -y

(22)
n i=1
100% = | 9; — y;
MAPE=—2%" |12 (23)
n i=1 i
RMSE = (24)
Results
ARIMA Model

Stationarity Test of the Series and Stationarization of
Non-Stationary Series: A descriptive analysis was per-
formed on the original monthly AIDS incidence data
for Xinjiang, and a time series plot of the raw AIDS inci-
dence data for Xinjiang from 2004 to 2020 was generated
(see Fig. 2A). From Fig. 2A, it can be observed that the
dataset covers the monthly AIDS incidence data from
January 2004 to December 2020, with a total of 204 data

(A) Original sequence timing diagram
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points. The incidence trend can be divided into four
phases. Initial Phase (2004—2007): During this period, the
incidence rate data showed small fluctuations, with most
months remaining between 0.01 and 0.06. Occasionally,
there were higher peaks in the incidence, such as in Janu-
ary 2006 (0.2388) and March 2006 (0.3035), but these
peaks did not form a continuous upward trend. Rising
Phase (2008-2012): From 2008 onwards, the incidence
data showed a gradual increasing trend, particularly
between 2010 and 2012, when the incidence signifi-
cantly increased. In 2012, the incidence rates were gener-
ally higher, with several months from May to December
seeing rates exceeding 1, reaching a peak. Fluctuating
Phase (2013—-2019): During this phase, the incidence data
exhibited greater volatility. From 2013 to 2015, the inci-
dence fluctuated between 0.4 and 1. From 2016 to 2019,
although there were still fluctuations, the overall inci-
dence level decreased compared to the previous phase,
with most months remaining between 0.5 and 1. Declin-
ing Phase (2020): Starting from 2020, the incidence data
showed a clear downward trend. The incidence rates in
2020 were generally lower, with most months ranging
between 0.1 and 0.6. Notably, in August 2020, the inci-
dence rate sharply dropped to 0.0634, the lowest level in
recent years.

Therefore, it is evident that the monthly AIDS inci-
dence data in Xinjiang exhibits significant clustering and
volatility. However, since ARIMA models are built on
stationary time series, it is necessary to conduct a unit
root Augmented Dickey-Fuller (ADF) test [35] on the
raw AIDS incidence data for Xinjiang, with the results
shown in Table 1. From Table 1, the ADF test statis-
tic is —1.7802, and the p-value is 0.0755, which is much
higher than the critical values at the 1%, 5%, and 10% sig-
nificance levels. Therefore, we accept the null hypothesis
(HO): the Xinjiang AIDS monthly incidence series has a

ic first-order time

(B) Take the diagram
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Fig. 2 Time Series Plots. A Time series plot of the original series. B Time series plot after logarithmic transformation and first differencing
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Table 1 ADF test results of original sequence monthly incidence
of AIDS in Xinjiang

variable Tvalue Pvalue
ADF Test Statistic —-1.7802 0.0755
1% Significance Level -2.58 0.01

5% Significance Level -1.95 0.05
10% Significance Level -1.62 0.1
Table 2 The comparison of ADF test results

variable Tvalue Pvalue
Original Data —-1.7802 0.0755
Logarithmic Transformation and First- -12.976 <0.001

Differenced Data

unit root, indicating that the series is non-stationary. For
non-stationary series, stationarization can be achieved
through differencing, logarithmic transformation, or
a combination of both. Thus, we applied a logarithmic
transformation and first-order differencing to the Xinji-
ang AIDS monthly incidence series, and the time series
plot of the log-transformed and first-differenced series
is shown in Fig. 2B. The ADF test was then performed
on the transformed series, and the results were com-
pared with the ADF test results of the original series (see
Table 2). From Table 2, the ADF test statistic for the log-
transformed and first-differenced AIDS monthly inci-
dence series is —12.976, with a p-value<0.001, which is
much smaller than the critical value of —2.58 at the 1%
significance level. Thus, we reject HO: the Xinjiang AIDS
monthly incidence series has a unit root, indicating that
the log-transformed and first-differenced Xinjiang AIDS

(A, Take the logarithmic first-order difference from ACF
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monthly incidence series is stationary and does not con-
tain a unit root.

ARIMA Model Identification

For the original data, logarithmic transformation and first
differencing (d=1) were applied to make the series sta-
tionary. After observing the autocorrelation plot (Fig. 3A)
and the partial autocorrelation plot (Fig. 3B) of the log-
transformed and differenced stationary series, and con-
sidering that a higher order may lead to overfitting,
we proceeded with a stepwise approach starting from
higher-order models to lower-order models. Initially, p
and g were set to 0, 1, and 2, and the monthly AIDS inci-
dence series for Xinjiang from January 2004 to Decem-
ber 2019 was fitted. A total of 9 ARIMA(p,d,q) candidate
models were tested, with the fitting results shown in
Table 3.From Table 3, it can be seen that the model with
the smallest Akaike Information Criterion (AIC) [36] and
Bayesian Information Criterion (BIC) [37], as well as the
smallest RMSE, MAE, and MAPE, was selected as the
optimal model. The final optimal model is ARIMA (2,1,2)
(AIC=322.52, BIC=338.79, RMSE=0.189, MAE=0.116,
MAPE=37.595). A white noise test was conducted on
the residuals of ARIMA(2,1,2), with the Ljung-Box sta-
tistic Q=2.9434 and p-value=0.7087 (p>0.05), indicat-
ing that the residuals form a white noise series, and the
model fits well. Therefore, the ARIMA (2,1,2) model was
used to forecast the AIDS incidence rate for Xinjiang
from January to December 2020.

GARCH Family Model

To better capture the short-term fluctuations in AIDS
incidence and improve the prediction accuracy, we
built ARIMA-EGARCH and ARIMA-TGARCH combi-
nation models based on the ARIMA(2,1,2) model. The

(B] Take the logarithmic first-order difference from PACF
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Fig. 3 Correlation Plots. A ACF (Autocorrelation Function) of the stationary time series. B PACF (Partial Autocorrelation Function) of the stationary
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Table 3 Prediction Performance Metrics of Candidate
ARIMA(p,d,q) Models on the Test Set
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Table 5 Prediction Performance Metrics of Candidate
ARIMA(2,1,2)-EGARCH(p,q) Models on the Test Set

Model RMSE MAE MAPE(%) AIC BIC Model RMSE MAE MAPE(%) AIC BIC
ARIMA (0,1,0) 0.212 0.130 40.979 364.25 367.50 ARIMA (2,1,2) -EGARCH (1,1)  0.189 0.116 36.578 1329 1499
ARIMA (0,1,1) 0.182 0.117 39.989 330.38 336.89 ARIMA (2,1,2) -EGARCH (1,2)  0.199  0.122 54438 7687 7873
ARIMA (0,1,2) 0.182 0.117 40310 33232 342.08 ARIMA (2,1,2) -EGARCH (2,1)  0.191 0.117 67454 1362 1.566
ARIMA (1,1,0) 0.186 0.116 38.628 33040 336.90 ARIMA (2,1,2) -EGARCH (2,2) 0.194 0.117 35.686 1.240 1461
ARIMA (1,1,1) 0.189 0.120 39461 32811 337.86
ARIMA (1,1,2) 0.183 0.115 39.835 326.58 339.59
ARIMA (10} 0185 0116 3878 23232 34208 Table 6 Prediction Performance Metrics of Candidate

redicti r f i
ARIMA (2,1,1) 0.189 0.116 38.648 328.98 341.99 ARIMA(2,1,2)-TGARCH(p,) Models on the Test Set
ARIMA (2,1,2) 0.189 0.116 37.595 32252 338.79

Table 4 The test results of Portmanteau Q test and LM test of
the ARIMA(2,1,2) model residual sequence

Order PortmanteauQ P LM P

1 23698 1127 x 1076 23240 1430 x 107°
2 24,027 6063 x 1076 24567 4627 x 107°
3 24,032 2460 x 107> 24513 1952 x 10~°
4 24053 7796 x 107> 24647 5923 x 107°
5 24.280 0.0001918 24568  0.0001688

6 24963 0.0003469 24687  0.0003902

7 25444 0.0006328 24578  0.0009011

8 25.702 0001181 24479 0001904

9 25.784 0002216 24309 0003838

10 27.304 0.002331 25956 00038

optimal combination models can better address the
sudden fluctuations in disease incidence, making the
prediction results more reliable [38]. To test whether
the residuals of the ARIMA(2,1,2) model exhibit ARCH
effects, there are two common methods: the Port-
manteau Q test and the Lagrange Multiplier (LM) test
[39]. We performed a Portmanteau Q test and LM test
with 10 lags on the residual series of the ARIMA(2,1,2)
model, and the results are shown in Table 4. As shown
in Table 4, the ARCH test results indicate that the
p-values of the residual series from lags 1 to 10 are all
less than 0.05, suggesting that the ARIMA(2,1,2) mod-
el’s residual series exhibits ARCH effects. Therefore,
ARIMA-EGARCH and ARIMA-TGARCH combination
models can be used to fit the squared residuals of the
mean model.

Considering the ease of estimating model parameters,
we used the maximum likelihood method to estimate the
parameters. The model order parameters p and q were
selected within the range p<2 and q<2, resulting in 4
alternative ARIMA-EGARCH combination models and

Model RMSE MAE MAPE(%) AIC BIC

ARIMA (2,1,2) -TGARCH (1,1)  0.186  0.115 37.661 1402 1554
ARIMA (2,1,2) -TGARCH (1,2)  0.185  0.115 37.651 1406 1575
ARIMA (2,1,2) -TGARCH (2,1)  0.185  0.115 37.661 1412 1582
ARIMA (2,1,2) -TGARCH (2,2)  0.186  0.115 37.651 1416 1.603

g

4 alternative ARIMA-TGARCH combination models.
These models were fitted to the AIDS monthly incidence
data from Xinjiang, China, from January 2004 to Decem-
ber 2019. The fitting results of the ARIMA-EGARCH
combination models are shown in Table 5, and the fitting
results of the ARIMA-TGARCH combination models are
shown in Table 6.

Based on the criteria that smaller AIC and BIC val-
ues are better, and selecting models with smaller
RMSE, MAE, and MAPE values as the optimal models,
Table 5 shows that, among the 4 candidate ARIMA-
EGARCH combination models, the optimal model
is determined to be ARIMA(2,1,2)-EGARCH(2,2)
(AIC=1.240, BIC=1.461, RMSE=0.194, MAE=0.117,
MAPE=35.686). Similarly, among the 4 candidate
ARIMA-TGARCH combination models, the optimal
model is determined to be ARIMA(2,1,2)-TGARCH(1,1)
(AIC=1.402, BIC=1.554, RMSE=0.186, MAE=0.115,
MAPE=37.661). These two models, ARIMA(2,1,2)-
EGARCH(2,2) and ARIMA(2,1,2)-TGARCH(1,1), were
used to predict the AIDS incidence from January to
December 2020 in Xinjiang.

ETS Model

ETS (Exponential Smoothing State Space Model)
is a time series forecasting method that estimates
future data trends and seasonal variations by apply-
ing weighted averages to historical data. Using the
training set data of AIDS monthly incidence rates in
Xinjiang from January 2004 to December 2019, the
following ETS models were constructed: ETS(A,N,N),
ETS(A,AN), and ETS(A,A,A). The smoothing
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parameters were automatically simulated using the
ets() function from the R forecast package. The optimal
model was selected based on the smallest AIC and BIC
values, along with relatively smaller MAPE, MAE, and
RMSE values.

Through comprehensive analysis and comparison,
we found that the ETS(A,A,A) model performed excel-
lently across all evaluation metrics. Its AIC value is
744.703, BIC value is 803.338, RMSE is only 0.279, MAE
is 0.143, and MAPE is as low as 37.242. These values are
the smallest among the three fitted models. Therefore,
we conclude that the ETS(A,A,A) model is the optimal
exponential smoothing model. Based on this, we are con-
fident in using the ETS(A,A,A) model to effectively fore-
cast the AIDS incidence rate in Xinjiang from January to
December 2020. For detailed data on the fitting results of
the different ETS models, please refer to Table 7.

XGBoost Model

We used the XGBRegressor function from the XGBoost
library on the Python 3.9 platform to construct the
XGBoost model. The model was built using the default
XGBoost parameters with some basic settings such as
n_estimators=1000 and objective ="reg:squarederror.
This approach allowed for the construction of a well-
performing XGBoost model. The best parameters for
the XGBoost model and its performance metrics on
the test set are shown in Table 8. Based on the data pre-
sented in Table 8, the XGBoost model effectively fitted
the AIDS monthly incidence data for the Xinjiang region
from January 2004 to December 2019. On the test set,
the model demonstrated good performance with a Root
Mean Squared Error (RMSE) of 0.318, Mean Absolute
Error (MAE) of 0.195, and a Mean Absolute Percentage
Error (MAPE) of 94.910. Based on these excellent per-
formance metrics, we are confident in using this model
to make effective predictions for the AIDS monthly inci-
dence in Xinjiang from January to December 2020.

LSTM Model
Based on the Python 3.9 platform, we used the LSTM
module from the Keras library to construct a Long

Table 7 Prediction Performance Metrics of Candidate ETS
Models on the Test Set

Model RMSE MAE MAPE(%) AIC BIC

ETS(ANN) 0.182 0.117 40.246 797413 807.186
ETS(AAN) 0.183 0.119 42575 800470 816.758
ETS(AAA) 0.279 0.143 37.242 744.703 803.338
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Table 8 Optimal Parameters of the XGBoost Model and
Prediction Performance Metrics on the Test Set

Model Parameter RMSE MAE MAPE(%)
XGBoost model 0318 0.195 94.910
booster Gbtree

n_estimators 1000

max_depth 6

learning_rate 03

objective ‘reg:squarederror’

reg_alpha 0

reg_lambda 1

Short-Term Memory (LSTM) model for training on the
Xinjiang region’s AIDS monthly incidence data from Jan-
uary 2004 to December 2019. During this process, several
key parameters were manually set, and a high-perfor-
mance LSTM model was built. The optimal parameters
of the LSTM model and the prediction performance met-
rics on the test set are shown in Table 9. According to the
data analysis in Table 9, the LSTM model demonstrated
its predictive capabilities on the test set, with the follow-
ing performance metrics: the Root Mean Squared Error
(RMSE) was 0.443, the Mean Absolute Error (MAE) was
0.368, and the Mean Absolute Percentage Error (MAPE)
was 526.311. Based on these performance metrics, we are
confident that the LSTM model is capable of effectively
predicting the AIDS incidence in the Xinjiang region
from January to December 2020.

Comparison of model forecasting results
To determine the best model for predicting the monthly
AIDS incidence rates in Xinjiang, we used six different
time series analysis and deep learning models: ARIMA
(2,1,2), ARIMA (2,1,2)-EGARCH (2,2) combined model,
ARIMA (2,1,2)-TGARCH (1,1) combined model,
ETS(A,A,A) model, XGBoost model, and LSTM model.
These models were used to predict the AIDS monthly
incidence data for Xinjiang from January to December
2020 in the test set. The trend of the predicted results is
shown in Fig. 4, and the performance metrics of the pre-
dictions are presented in Table 10. As shown in Fig. 4,
all six models were able to predict the AIDS monthly
incidence trend in Xinjiang relatively well. According
to Table 10, by calculating the Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and Mean Abso-
lute Percentage Error (MAPE) for each model on the test
set, we comprehensively evaluated the prediction perfor-
mance of these models.

Comparisons of Prediction Performance Metrics: RMSE
(Root Mean Square Error): The smallest RMSE value was
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Table 9 Optimal Parameters of the LSTM Model and Prediction Performance Metrics on the Test Set

Parameter Category Parameter Name Parameter Value RMSE MAE MAPE(%)
LSTM model - - 0443 0.368 526311
First Layer LSTM units 50
return_sequences True
input_shape 1n
First Layer Dropout rate 0.2
Second Layer LSTM units 50
return_sequences False
Second Layer Dropout rate 0.2
Output Layer (Dense) units 1
Activation Function Linear
Compilation Parameters optimizer ‘adam’
loss ‘mean_squared_error’
Compilation Parameters epochs 10
batch_size 32

1.004

0.751

0.504

AIDS incidence rate

model

=&= Actual

XGBoost Forecasted

=®- LSTM Forecasted

-0~ ETS{AAA) Forecasted

=&~ ARIMA(2.1,2) Forecasted

=&~ ARIMA(2,1,2)-EGARCH(2.2) Forecasted
== ARIMA(2.1,2)- TGARCH(1,1) Forecasted

0.254

Janlary Feo;uary !\-1a'rch
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Fig. 4 Predictions of Monthly AIDS Incidence in Xinjiang for 2020 by Six Models

0.274, achieved by the ETS(A,A,A) model. The second-
best was the ARIMA (2,1,2)-EGARCH (2,2) model with
an RMSE of 0.301. Other models had RMSE values greater
than 0.31, with ARIMA (2,1,2) at 0.324, XGBoost at 0.316,

and LSTM at 0.291. MAE (Mean Absolute Error): The
ETS(A,A,A) model also achieved the smallest MAE value
of 0.224. The ARIMA (2,1,2)-TGARCH (1,1) model fol-
lowed with an MAE of 0.246. Other models had MAE
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Table 10 Comparison of the Prediction Results for Monthly AIDS
Incidence in Xinjiang Using 6 Models on the Test Set

Model RMSE MAE MAPE(%)
ARIMA (2,1,2) 0324 0.280 146.168
ARIMA (2,1,2) -EGARCH (2,2) 0.301 0.252 128.509
ARIMA (2,1,2) -TGARCH (1,1) 0318 0.246 83.562
ETS(AAA) 0.274 0.224 118.065
XGBoost 0.316 0.274 130.350
LSTM 0.291 0.231 103.963

values exceeding 0.25, with ARIMA (2,1,2)-EGARCH
(2,2) at 0.252, XGBoost at 0.274, and LSTM at 0.231.
MAPE (Mean Absolute Percentage Error): In terms of
MAPE, the ARIMA (2,1,2)-TGARCH (1,1) model per-
formed best, with a MAPE of 83.562%. Although the
ETS(A,A,A) model performed excellently in RMSE and
MAE, its MAPE value was 118.065%, higher than that of
the ARIMA (2,1,2)-TGARCH (1,1) model. Other models
had MAPE values greater than 100%, with XGBoost at
130.350%, LSTM at 103.963%, and ARIMA (2,1,2) reach-
ing as high as 146.168%.After comprehensively consid-
ering RMSE, MAE, and MAPE, the ETS(A,A,A) model
achieved the smallest values in both RMSE and MAE,
indicating that the predicted values were closest to the
actual values, resulting in the highest prediction accu-
racy. Despite performing better in MAPE, the ARIMA
(2,1,2)-TGARCH (1,1) model’s ranking was affected
by RMSE and MAE, making it rank lower overall. The
XGBoost and ARIMA (2,1,2) models performed rela-
tively poorly. Therefore, based on the combined evalua-
tion of RMSE, MAE, and MAPE, we can conclude that
the ETS(A,A,A) model is the best-performing predictive
model in this study. In summary, according to the com-
prehensive evaluation of RMSE, MAE, and MAPE, the
ETS(A,A,A) model performed the best, followed by the
ARIMA (2,1,2)-EGARCH (2,2) model. The LSTM model
also demonstrated good predictive performance, while
the ARIMA (2,1,2)-TGARCH (1,1) model, though the best
in MAPE, ranked lower due to its RMSE and MAE. The
XGBoost model and ARIMA (2,1,2) model showed rela-
tively poor performance.

Discussion

AIDS is a highly fatal class B infectious disease caused
by the HIV virus, also known as the immunodeficiency
virus. Since AIDS was introduced into China in 1985, its
prevalence has evolved from sporadic outbreaks to local-
ized epidemics, and later to widespread epidemics. As of
now, all 32 provinces, autonomous regions, and munici-
palities in mainland China have reported cases, posing
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a severe threat to public health. Xinjiang, in particular,
is one of the high-incidence areas for AIDS in China.
By September 2019, the region had 48,423 living cases,
including 13,996 AIDS patients, ranking sixth in the
country. Additionally, 16,004 deaths have been reported,
with cases spread across the entire region. The epidemic
in Xinjiang has evolved through different phases: from
the sporadic phase in 1995, the localized epidemic from
1996 to 1999, and the widespread epidemic from 2000
to the present. The speed, volume, and scope of the epi-
demic have placed significant pressure on the region’s
AIDS prevention and control efforts.

One of the core strategies for AIDS prevention and
control is the early identification of unusual trends and
growth in AIDS cases. Monitoring, forecasting, and early
warning systems are essential technologies for achiev-
ing effective AIDS prevention and control. Therefore,
accurately predicting AIDS incidence is of great prac-
tical significance, providing scientific evidence for the
development, improvement, and evaluation of AIDS
prevention and control measures. This study aims to
identify the best model for predicting the monthly AIDS
incidence in Xinjiang. By comparing the performance
of six different time series analysis and deep learning
models—ARIMA (2,1,2), ARIMA (2,1,2)-EGARCH (2,2),
ARIMA (2,1,2)-TGARCH (1,1), ETS(A,A,A), XGBoost,
and LSTM-we have drawn a series of meaningful
conclusions.

Based on our research, we collected monthly AIDS
incidence data from Xinjiang from January 2004 to
December 2020, covering a 17-year period. By analyz-
ing the epidemiological trends of AIDS in Xinjiang, and
observing the time series plot of the original AIDS inci-
dence data (Fig. 2A), we found that the overall trend of
AIDS incidence in Xinjiang exhibited significant fluc-
tuations throughout the observation period, especially
during the periods from 2012 to 2013 and from 2018
to 2020, where the incidence reached noticeable peaks.
At the annual level, there were significant differences
in the incidence rate across different years. For exam-
ple, the incidence rate was generally higher in 2012 and
2019, while it was relatively lower in 2004 and 2008. The
overall fluctuation trend of AIDS incidence in Xinjiang
from 2004 to 2020 showed an upward trend followed
by a downward trend, which is consistent with research
results from regions like Shandong [41, 42]. This trend
can be attributed to factors such as increased attention
from government departments on AIDS prevention
and control, efforts by public health personnel, and the
relatively slow progression of the disease. During the
observation period, there was a clear seasonal fluctua-
tion in the monthly AIDS incidence rate in Xinjiang, with
higher incidence rates generally observed in the spring
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and winter compared to the summer and autumn. This
is consistent with findings from the Xinjiang Production
and Construction Corps and Hunan Province [43, 44].
Such seasonal fluctuations may be related to factors such
as climate changes, patterns of human activity, and the
characteristics of pathogen transmission.

We used six different time series analysis and deep
learning models, including the ARIMA (2,1,2) model,
ARIMA (2,1,2)-EGARCH (2,2) combined model, ARIMA
(2,1,2)-TGARCH (1,1) combined model, ETS (A,A,A)
model, XGBoost model, and LSTM model, to fit and pre-
dict the monthly AIDS incidence data of Xinjiang for both
the training and testing sets. From the prediction trend
chart (Fig. 4), it can be seen that all models were able to
capture the overall trend of the monthly AIDS incidence
rate in Xinjiang. This indicates that the selected models
theoretically possess certain predictive capabilities, sug-
gesting that both time series models and deep learning
models are widely used in AIDS prediction research and
have achieved good predictive performance [45-49]. In
terms of comparing the performance metrics of the six
models, RMSE, MAE, and MAPE are important indica-
tors for measuring the accuracy of predictions and pro-
vide a comprehensive basis for model evaluation. From
the RMSE metric, the ETS(A,A,A) model achieved the
lowest value of 0.274, demonstrating the best performance
in terms of the error between predicted and actual val-
ues. Following closely is the ARIMA(2,1,2)-EGARCH(2,2)
model, with an RMSE of 0.301, also showing high predic-
tion accuracy. This result indicates that, among traditional
time series models, combined models that account for
heteroscedasticity (such as EGARCH) can improve predic-
tion performance to some extent [50]. In terms of MAE,
the ETS(A,A,A) model also performed excellently, with the
lowest MAE value of 0.224. Notably, the ARIMA(2,1,2)-
TGARCH(1,1) model also performed well in MAE, with
a value of 0.246. This suggests that considering volatil-
ity and asymmetry in time series can improve prediction
accuracy to some extent. However, in the MAPE metric,
we observed a different ranking. The ARIMA(2,1,2)-
TGARCH(1,1) model achieved the smallest MAPE value of
83.562%, while the ETS(A,A,A) model had a relatively high
MAPE value of 118.065%. This discrepancy may be due
to the sensitivity of MAPE to data scale or outliers. Other
researchers have also identified limitations of the MAPE
metric in certain cases and proposed improvements.

Therefore, considering the three performance met-
rics—RMSE, MAE, and MAPE—we can draw the fol-
lowing conclusions: The ETS(A,A,A) model achieved
the lowest values for both RMSE and MAE, indicat-
ing that its predictions are closest to the actual val-
ues, with the highest prediction accuracy. Although the
ARIMA(2,1,2)-TGARCH(1,1) model performed better in
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terms of MAPE, we believe that RMSE and MAE are gen-
erally considered more important performance metrics,
and that MAPE may be influenced by data scale or outli-
ers. Thus, we consider the ETS(A,A,A) model to be the
best performing prediction model in this study. Addition-
ally, the LSTM model also demonstrated good predictive
performance, outperforming some traditional time series
models in terms of both RMSE and MAE. This finding
aligns with recent research in the field of machine learn-
ing and deep learning applied to time series forecasting
[51, 52], indicating that deep learning models hold signif-
icant potential in time series prediction and are worthy
of further exploration and application. In contrast, the
XGBoost model and the ARIMA(2,1,2) model performed
relatively poorly. This may be because the XGBoost
model failed to fully capture the time dependencies in the
data when handling time series, and the ARIMA(2,1,2)
model may not have adequately accounted for hetero-
scedasticity and asymmetry in the data. Therefore, future
research could explore improvements or combinations of
these models to enhance their prediction performance.

In summary, this study compares the predictive perfor-
mance of six different time series analysis and deep learn-
ing models and concludes that the ETS(A,A,A) model is
the best for predicting the monthly AIDS incidence in
Xinjiang. This result not only provides an effective tool
for forecasting AIDS incidence in Xinjiang but also offers
new insights and directions for research in the field of
time series prediction.

Conclusion

By comparing the predictive performance of six dif-
ferent time series analysis and deep learning mod-
els  (ARIMA(2,12), ARIMA(2,1,2)-EGARCH(2,2),
ARIMA(2,1,2)-TGARCH(1,1), ETS(A,A,A), XGBoost,
and LSTM), we conclude that all models are able to
capture the overall trend of AIDS monthly incidence
in Xinjiang, indicating that the selected models theo-
retically possess certain predictive capabilities. After a
comprehensive analysis of model evaluation metrics, the
ETS(A,A,A) model achieved the lowest values, showing
optimal performance in terms of the error between pre-
dicted and actual values, thus demonstrating the high-
est prediction accuracy and being identified as the best
predictive model. The LSTM model also exhibited good
predictive performance, with better results in RMSE and
MAE than some traditional time series models, high-
lighting the potential of deep learning models in time
series forecasting. Therefore, this study identifies the
best predictive model for forecasting AIDS monthly inci-
dence in Xinjiang, which can provide a theoretical basis
for predicting and controlling the AIDS epidemic.
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However, there are some limitations in this study. The
models used only historical time series data to establish
univariate time series models, focusing on the impact of
time factors on the disease. The actual incidence of AIDS is
very complex, influenced by various factors. Due to the lack
of multidimensional research data, this study did not incor-
porate these covariates into the analysis or consider the
interactions between Xinjiang’s AIDS monthly incidence
and other influencing factors. A more accurate prediction
of the AIDS incidence trend in Xinjiang requires consid-
ering multiple factors. Future work will delve deeper into
this issue, incorporating relevant covariate factors to build
a predictive control model that better reflects the actual
epidemic characteristics of AIDS in Xinjiang. Addition-
ally, only six models were compared in this study, and there
may be other superior models that were not included in the
comparison, so the generalizability of the conclusion needs
further validation. There may also be optimization poten-
tial in data preprocessing and feature selection to further
improve model performance. Future research can explore
introducing more advanced time series analysis and deep
learning models for comparison to find better predictive
models. In-depth research into data preprocessing and fea-
ture selection will be conducted to optimize data process-
ing workflows, improve the quality of model input data,
and further enhance model predictive performance.
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