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Abstract

Introduction: This study proposes a combined Seasonal Autoregressive Integrated Moving Average and Long Short-Term Memory (SARIMA-
LSTM) model to enhance the accuracy of evaluating the effectiveness of visceral leishmaniasis prevention and control efforts in Yangquan,
China.

Methodology: Data were obtained from the Yangquan Centre for Disease Control and Prevention. The hybrid model integrates a SARIMA
component with a residual-based LSTM neural network.

Results: In the SARIMA-LSTM model, the LSTM component included seven hidden layer nodes, a learning rate of 0.001, 500 training epochs,
a batch size of 256, and utilized the Adam optimization algorithm. The SARIMA-LSTM model demonstrated superior performance (MSE =
2.824, MAE = 1.279, RMSE = 1.681). A paired samples t-test revealed a statistically significant difference between predicted and actual case
counts (¢ =-4.058, p < 0.001), indicating that the actual number of cases was lower than predicted.

Conclusions: The combined SARIMA-LSTM model outperformed the individual SARIMA and LSTM models, suggesting that the

implemented interventions were generally effective.
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Introduction

Visceral leishmaniasis is a chronic, endemic disease
caused by infection with Leishmania donovani
protozoa, transmitted through the bite of a Phlebotomus
sandfly [1]. Although China declared the near-
eradication of visceral leishmaniasis in 1958 [2], its
incidence has increased in Shanxi Province in recent
years. From 2019 to 2020, Shanxi reported the highest
number of cases at the provincial level, with Yangquan
City accounting for the largest proportion [3].

In response to the resurgence, the Yangquan Centre
for Disease Control and Prevention (CDC)
implemented a series of preventive and control
measures in May 2020. These included population
screening, culling of infected dogs, elimination of
Phlebotomus vectors, and the enhancement of public
education to improve awareness of prevention, control,
and self-protection. A rigorous scientific evaluation of
these interventions is essential. A simple comparison of
pre- and post-intervention incidence rates is insufficient
for accurate assessment, highlighting the need for more
sophisticated statistical approaches. Time-series

forecasting models utilize historical data to identify and
model trends, capturing the seasonality commonly
observed in the incidence of infectious diseases [4].
Among these models, the Seasonal Autoregressive
Integrated Moving Average (SARIMA) model is
widely used for its effectiveness in fitting linear time-
series data [5]. However, the SARIMA model is limited
in capturing nonlinear patterns. Its use of differencing
to address non-stationarity may result in information
loss and decreased predictive accuracy [6].

To overcome these limitations, neural network-
based methods such as Long Short-Term Memory
(LSTM) have been introduced in time-series modeling.
LSTM is particularly effective in modeling nonlinear
relationships and long-term dependencies in sequential
data [7]. When combined with SARIMA, the resulting
hybrid model has shown improved fitting and
forecasting performance [8].

To more accurately evaluate the effectiveness of
visceral leishmaniasis prevention and control in
Yangquan, a combined SARIMA-LSTM model was
developed. Its performance was compared with
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standalone models, and the post-intervention incidence
was predicted. The effectiveness of the interventions
was assessed by comparing the predicted incidence
with the actual reported cases.

Methodology
Data Sources

Monthly records of visceral leishmaniasis cases
from January 2017 to December 2021 were obtained
from the Yangquan Centre for Disease Control and
Prevention (CDC).

Construction of SARIMA-LSTM Models
SARIMA Model

The SARIMA model was developed using data
from January 2017 to April 2020. Fitted values were
generated, and residuals were computed as the
difference between actual and fitted values. As first-
order differencing was applied, the initial month was
excluded from the residual analysis, yielding residuals
from February 2017 to April 2020.

Residual LSTM Model

Residuals obtained from the SARIMA model were
used to construct the residual LSTM model. The
training set comprised data from February 2017 to
December 2019, while the validation set included data
from January to April 2020. The sliding window
method was employed for model construction and
optimization.  Although intelligent optimization
algorithms can be used for hyperparameter tuning [9], a
heuristic approach based on empirical experience and
validation performance was adopted due to the limited
dataset size. Similar strategies have been applied in
forecasting models for brucellosis and influenza [8,10].

Model Combination

The SARIMA model was first used to predict
visceral leishmaniasis cases from May 2020 to
December 2021. The residual LSTM model then
forecasted residuals for the same period using the
sliding window method. Predicted residuals were
inverse-normalized and added to SARIMA predictions
to obtain the final output of the combined model.

Evaluation of Model
Model performance was assessed using Mean

Table 1. ADF and Ljung-Box tests of the time series.

ADF

Time series p
Original series 0.623
Adjusted series -2.871
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Squared Error (MSE), Mean Absolute Error (MAE),
and Root Mean Squared Error (RMSE). Lower values
for these metrics indicate superior model performance.

Evaluation of Intervention Effectiveness

The optimal model was used to forecast cases from
May 2020 to December 2021, and predicted values
were compared with the actual reported -cases.
Statistically ~ significant  differences  indicated
effectiveness of the intervention measures.

Statistical Analysis

SPSS 26.0 software was used for normality tests
and analysis of variance, while Anaconda 4.10.3 was
used to construct the SARIMA, LSTM, and SARIMA-
LSTM models. Statistical significance was set at p <
0.05.

Results
Data Overview

In the data description section of this paper,
reference is made to the format in the article by
Yalinbas et al. [11], which accurately characterizes the
data. A total of 239 cases of visceral leishmaniasis were
reported in Yangquan City, Shanxi Province, from
January 2017 to December 2021, corresponding to an
average annual incidence rate of 3.43 per 100,000. Of
these, 166 cases occurred in males (4.63/100,000) and
73 in females (2.16/100,000), indicating a higher
incidence in males. Patient ages ranged from 9 months
to 85 years. Farmers represented 43.51% of all reported
cases.

SARIMA Model

Stationarity and randomness tests were conducted
on the original time series. The Ljung—Box test
indicated non-randomness (y? = 7.710, p < 0.001), and
the Augmented Dickey—Fuller (ADF) test indicated
non-stationarity (¢ = 0.623, p = 0.988). First-order
differencing was applied to achieve stationarity (ADF
test £ =-2.871, p = 0.04) (Table 1). A SARIMA (p,1,9)
(P,0,Q)s2 model was explored.

We used p, P, g, Q = 0:2 and used Grid Search to
obtain the minimum value of AIC, thus finalizing the
model parameters as SARIMA (1,1,2) (2,0,2)s, and AIC
= 49.808. The model passed the residual white noise
test (y?<0.001, p = 0.980) (Table 2).

Ljung-Box
p 2 p
0.988 7.710 <0.001
0.049 8.693 <0.001

1116



Han et al. — SARIMA-LSTM for Visceral Leishmaniasis in Yangquan

Table 2. SARIMA model parameter estimation.

Model AR MAI MA2 SARI
(1,1,2) (2,0.2) 5» -0.936 0.962 1.000 0.456

LSTM Model

The dataset was processed using a sliding window
of length 12, where 12 previous observations were used
to predict the next point (12 input nodes, 1 output node).
The optimal model was obtained with 13 hidden nodes,
yielding the lowest MSE, MAE, and RMSE on the
validation set (Table 3). Final hyperparameters
included 13 hidden nodes, a learning rate of 0.001, 500
training epochs, a batch size of 256, and the Adam
optimizer.

SARIMA-LSTM Model

Fitted values for February 2017 to April 2020 were
generated using the SARIMA (1,1,2) (2,0,2)s> model.
Residuals were modeled using an LSTM with training
data from February 2017 to December 2019 and
validation data from January to April 2020. The number
of hidden nodes ranged from 4 to 14, with 7 yielding
optimal performance based on validation metrics (Table
4). The residual LSTM was then applied using 7 hidden
nodes, a learning rate of 0.001, 500 training epochs, a
batch size of 256, and the Adam optimizer. The final
SARIMA-LSTM fitted values were obtained by
summing SARIMA predictions and residual LSTM
outputs.

Figure 1. Analysis and prediction of visceral leishmaniasis cases
using SARIMA, LSTM, and SARIMA-LSTM model. A.
Performance comparison of SARIMA, LSTM, and SARIMA-
LSTM models; B. Predicted versus actual visceral leishmaniasis
cases using the SARIMA-LSTM model.
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Ljung-Box AIC

SAR2 SMAI SMA2 12 )4
0.387 1.414 1.000 <0.001 0.980 49.808

Comparison of Model Performance

All three models were used to fit data from January
2017 to April 2020. As shown in Figure 1A, the
SARIMA-LSTM model provided the best fit to the
observed data. Evaluation metrics (Table 5) confirmed
its superior performance, with the lowest MSE, MAE,
and RMSE values.

Evaluation of Intervention Effectiveness

The SARIMA-LSTM model was used to forecast
cases from May 2020 to December 2021. Predicted
values were compared with actual case numbers.
Differences were normally distributed (z = 0.965, p =

Table 3. Error distribution of the number of nodes in the hidden
layer of the LSTM model in the validation set.

Number of nodes MSE MAE RMSE
4 17.9721 4.0655 4.2393
5 18.3973 4.0850 4.2892
6 18.1460 4.1100 4.2598
7 18.3421 4.0466 4.2828
8 16.8447 3.9459 4.1042
9 15.8623 3.8236 3.9827
10 16.6062 3.8853 4.0751
11 15.4707 3.6386 3.9333
12 15.7021 3.7583 3.9626
13 15.4510 3.5990 3.9308
14 15.7018 3.7770 3.9626

bold text represents the optimal number of nodes.

Table 4. Error distribution of the number of nodes in the hidden
layer of the residual LSTM model in the validation set.

Number of nodes MSE MAE RMSE
4 3.3732 1.4727 1.8366
5 3.9738 1.6649 1.9934
6 3.3588 1.4332 1.8327
7 3.2230 1.4090 1.7953
8 3.2841 1.5024 1.8122
9 3.4247 1.5271 1.8506
10 3.3197 1.4758 1.8220
11 4.3707 1.8116 2.0906
12 3.8667 1.6486 1.9664
13 4.1358 1.7286 2.0337
14 3.5188 1.5762 1.8759

Bold text represents the optimal number of nodes.

Table 5. Performance comparison of the three models.

Model MSE MAE RMSE
SARIMA 2.995 1.318 1.731
LST™M 3.623 1.310 1.903
SARIMA-LSTM 2.824 1.279 1.681

Bold text represents the optimal number of nodes.
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Table 6. Results of paired samples #-test.
Mean s

Difference 23583 305

0.654), and a paired-sample t-test revealed a
statistically significant difference (r=-4.058, p <0.001)
(Table 6), with a large effect size (Cohen's d = 0.91).
Figure 1B illustrates a visible decrease in visceral
leishmaniasis cases following the intervention,
supporting the effectiveness of the control measures
implemented by the Yangquan CDC.

Discussion

To address the annual rise in reported cases of
visceral leishmaniasis, the Yangquan Centre for
Disease Control and Prevention (CDC) implemented a
series of active prevention and control measures.
Developing accurate and reliable models to evaluate the
effectiveness of these interventions is essential for
guiding disease management strategies and informing
public health policymaking [ 12]. The observed seasonal
pattern in visceral leishmaniasis cases is likely
attributable to the peak activity period of Phlebotomus
sandflies, typically from May to June, which facilitates
disease transmission. Therefore, May represents an
optimal window for residual insecticide spraying to
reduce vector density.

The SARIMA model, a classical time series
approach, has demonstrated high stability and
forecasting accuracy across numerous empirical
studies, establishing it as a standard benchmark for
evaluating alternative models [13]. Long Short-Term
Memory (LSTM) neural networks have also shown
robust performance in modeling temporal patterns.
However, as highlighted by several studies, no single
model can be considered universally superior [14]. The
dynamics of infectious diseases are governed by
complex, often nonlinear interactions. Consequently,
individual models tend to capture only specific aspects
of the underlying patterns, frequently falling short of
the accuracy required for time series prediction.

In response to these challenges, the integration of
predictive models has emerged as a mainstream
strategy for improving time series forecasting. In the
field of infectious disease modeling, hybrid models
such as ARIMA-SVR and ARIMA-GRNN have
demonstrated superior performance compared to their
single-model counterparts [15,16]. Consistent with this
trend, the present study first developed a SARIMA
(1,1,2) (2,0,2) 52 model as a benchmark. Although the
SARIMA model produced forecasts that closely aligned
with observed data, notable discrepancies remained—
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t v p
—4.058 19 <0.001

primarily due to its capacity to capture linear
relationships while lacking the flexibility to model
nonlinear components [17].

To address this limitation, an LSTM model was
trained on the residuals of the SARIMA model to
capture the nonlinear information not explained by the
linear component. The resulting SARIMA-LSTM
hybrid model demonstrated superior predictive
performance compared to the SARIMA and LSTM
models individually. This finding is in line with
previous research [7,10,18], underscoring the
advantages of hybrid modeling in infectious disease
forecasting. The SARIMA-LSTM approach holds
promise for predicting other infectious diseases or for
application in different geographic regions affected by
visceral leishmaniasis. The Yangquan Municipal
Government’s comprehensive intervention strategies—
particularly the identification and removal of infected
canines—have proven effective. Infected dogs serve as
the primary reservoir for Leishmania donovani and are
the main source of human transmission. Eliminating
infected dogs can significantly reduce the risk of vector-
borne transmission. Numerous studies have also shown
that the use of chemical and biological agents to
eradicate sandflies effectively reduces the incidence of
visceral leishmaniasis. Environmental management,
when combined with vector control efforts, plays a
crucial role in disrupting local transmission chains and
preventing new infections [19]. Moreover, public
awareness campaigns are vital. Educating the public on
preventive behaviors—such as using insect repellents
and wearing protective clothing—can significantly
lower infection risk, especially in resource-limited
settings [20].

This study has several limitations. First, although
infectious diseases are influenced by multiple factors—
including climatic variables (e.g., temperature and
humidity) and socio-economic conditions—only
historical incidence data were used in the model. Future
studies should consider incorporating additional
explanatory  variables to improve predictive
performance. Second, while this study compared
selected models, the performance of other advanced
modeling approaches was not assessed. Finally,
although the intervention’s overall effectiveness was
evaluated, the individual contributions of specific
measures were not quantified.
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Conclusions

The combined SARIMA-LSTM model
demonstrated superior performance compared to the
standalone SARIMA and LSTM models, offering
enhanced accuracy in forecasting visceral leishmaniasis
cases. These findings support the broad effectiveness of
the intervention measures implemented by the
Yangquan CDC and highlight the potential utility of
hybrid modeling approaches in infectious disease
surveillance and control.
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