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study investigated the application of modelling techniques to predict the occurrence of
scrub typhus and establishes an early warning system aimed at providing a foundational
reference for its effective prevention and control. In this study, the monthly occurrence of
scrub typhus in Ganzhou City from January 2008 to December 2022 was utilized as the
training set for the first part of the analysis, while the data from January 2008 to December

ggl‘;;og;hus 2019 served as the training set for the second part. Based! on these data, the SARIMA
SARIMA model, the BPNN model, and the combined SARIMA-BPNN model were developed and
BPNN validated using data from January to December 2023. The most effective model was then
Predictive modelling selected to predict the number of occurrences of scrub typhus for the years 2024 and 2025,

respectively. The root mean square error (RMSE) and mean absolute error (MAE) of the
BPNN (3-9-1) model, developed using data from January 2008 to December 2022, were
8.472 and 6.4, respectively. In contrast, the RMSE and MAE of the combined SARIMA-BPNN
(1-9-1) model, constructed using data from January 2008 to December 2019, were 19.361
and 16.178, respectively. In addition, the BPNN (3-9-1) model predicted 284 cases of scrub
typhus in Ganzhou City for 2024, and 163 cases for 2025. The BPNN (3-9-1) model
demonstrated strong applicability in predicting the monthly occurrence of scrub typhus.
Furthermore, incorporating three years of data on the occurrence of new crown outbreaks
when developing a predictive model for infectious diseases can substantially enhance
prediction accuracy.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Scrub typhus, also referred to as jungle typhus, is an acute vector-borne infectious disease caused by Orientia tsutsuga-
mushi (Sun et al., 2017). The clinical manifestations of this disease primarily include fever, distinctive crusting, and
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lymphadenopathy. In severe cases, patients may experience multiple organ failure, which can be life-threatening (Paris et al.,
2013). The mortality rate of the disease can reach as high as 70% if not treated promptly, and even with treatment, the
mortality rate remains at 1.4% (Bonell et al., 2017; Ma et al., 2017). Furthermore, the absence of an effective vaccine com-
plicates efforts to control this disease. Consequently, the development of a prediction model for scrub typhus, along with the
precise identification of its progression trends, was of significant practical importance for implementing effective prevention
and control measures.

Numerous mathematical models have been developed to effectively predict the spread of infectious diseases (Saxena,
2021; Wang et al., 2019; Zhang et al., 2020). Among these models, the seasonal auto regressive integrated moving average
(SARIMA) model demonstrated distinct advantages. Rather than depending on external factors or presuming data distri-
butions, it generated predictions exclusively by analyzing historical time series data. Furthermore, the SARIMA model
possessed the capability to identify anomalies and trend mutations within the time series data, thereby enhancing its reli-
ability and robustness (Fang et al., 2023). However, in the investigation of the temporal distribution of infectious diseases and
the prediction of their future incidence, researchers have discovered that the SARIMA model was limited to modelling linear
relationships within time-series data. This model struggled to account for potential non-linear relationships that may arise in
such datasets. Furthermore, SARIMA models typically necessitated that the series exhibited stationarity or achieved statio-
narity following differencing and logarithmic transformations. Despite its widespread application in predicting infectious
diseases, the simulation and predictive accuracy of the SARIMA model often proves inadequate when confronted with se-
quences exhibiting complex change patterns or nonlinear characteristics. On the other hand, the back propagation neural
network (BPNN) model employed a distributed information storage method, exhibiting strong environmental adaptability,
learning capability, robustness, and fault tolerance, along with the ability to effectively model a variety of nonlinear data (Liu
et al.,, 2019). Consequently, many researchers have started to integrate the SARIMA model with neural network models or
other predictive frameworks, effectively leveraging the strengths of multiple models to enhance overall performance.

Since the outbreak of novel coronavirus pneumonia at the end of 2019, the epidemic has rapidly escalated into a global
pandemic. To effectively control the spread of the novel coronavirus, China promptly initiated a level 1 response for public
health emergencies and implemented a series of public health interventions (Shen et al., 2022). The 'zero outbreak’ policy
implemented by the Chinese government may have significant and far-reaching effects on the spread of other infectious
diseases (Chen et al., 2021). However, it remains unclear how the occurrence numbers during the novel coronavirus pneu-
monia period influence the effects of predictive models. Consequently, it was essential to explore the necessity of incorpo-
rating data from this period into the model to enhance the prediction of infectious diseases following an outbreak.

Since the initial case was reported in Ganzhou City in 2006, the prevalence of the disease has been expanding, making it a
high-incidence area for scrub typhus in Jiangxi Province. From 2006 to 2017, Ganzhou City recorded the highest number of
cases and the highest incidence rate of scrub typhus in Jiangxi (Liao et al., 2019). Although researchers have analyzed the
epidemiological characteristics and influencing factors of scrub typhus, they have yet to predict its incidence (Pan et al., 2024;
Peng et al., 2022). Consequently, this study employed the SARIMA model, the BPNN model, and the combined SARIMA-BPNN
model to predict the occurrence of scrub typhus in Ganzhou City. Additionally, it aimed to investigate whether the number of
cases during the epidemic influences the predictive accuracy of the models, thereby providing a reference for assessing the
applicability of predictive models in forecasting infectious diseases following an epidemic.

2. Methods
2.1. Data collection

The data on scrub typhus cases in Ganzhou City, reported by the National Disease Surveillance Information Management
System (NDSIMS) from January 2008 to December 2023, were selected for analysis. All cases adhered strictly to the diagnostic
criteria established by the Chinese Centre for Disease Control and Prevention (https://www.chinacdc.cn/).

2.2. Constructing predictive models

2.2.1. The SARIMA model

The SARIMA model integrates seasonal effects, long-term trend effects, and cyclical variations. The general structure of the
SARIMA model is expressed as SARIMA(p,d,q)(P,D,Q)s, where p, d, and q represent the non-seasonal components, while P, D,
and Q represent the seasonal components. Specifically, p and P indicate the degree of autoregression for the non-seasonal and
seasonal components, respectively. Similarly, d and D denote the degree of differencing for the non-seasonal and seasonal
components, respectively. Furthermore, q and Q represent the degree of moving average for the non-seasonal and seasonal
components, respectively, with s denoting the sampling period.

Te expression of the SARIMA model is given as follows:

¢ (B*)o(B)(x: — ) =0O(B°)0(B),, M
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Te nonseasonal components are as follows:
AR: ¢(B)=1—¢1B— - —¢,B° (2)

MA : 6(B)=1— ;B + - + 6B (3)

Te seasonal components are as follows:
Seasonal AR : ¢(B)=1—¢B— - — ¢pBPs @

Seasonal MR : @(B)=1— @B + - + ©oBY (5)

whereas, B indicates a reverse shift, e_t represents a projected residual error at time t, and x_t denotes an observed value at
time t (where t ranges from 1 to k). Additionally, ¢ refers to the route of the AR coefficients, 0 represents the route of the MA
coefficients, and @ signifies the route of the seasonal MA coefficients.

The fitting steps of the SARIMA model were as follows: (1) data stationarity: utilize the augmented dickey-fuller (ADF) unit
root test to assess the stationarity of the series. Convert non-stationary series into stationary series through differencing,
simultaneously determining the parameters d and D. (2) Model identification and parameter estimation: generate auto-
correlation plots (ACF) and partial autocorrelation plots (PACF) to select the values for the model parameters p and q. For the
seasonal parameters P and Q, based on insights from previous studies, their values are typically less than 3. Therefore, values
of 0, 1, and 2 were considered, leading to the establishment of nine alternative models. (3) Model testing: the optimal pre-
diction model was selected based on the minimum Akaike Information Criterion (AIC). The validity of this optimal model was
assessed using the Ljung-Box Q test. A P-value greater than 0.05 indicates that the residuals are white noise, thereby con-
firming the model's validity. (4) Model fitting: the selected optimal model was employed to predict the monthly occurrence
numbers from January to December 2023.

2.2.2. The BPNN model

The BPNN model is a multilayer feed-forward network that can adjust the weights of nonlinear functions. It primarily
consists of three components: the input layer, the hidden layer, and the output layer (Zhao, 2023). The steps for constructing
the BPNN model were as follows: (1) constructing the training set and the sample data set: typically, the BPNN model utilizes
the first M values of the samples as the input layer data and the last N values as the output layer data. (2) Data normalization:
since the number of events per month varies greatly, this variation may affect the sensitivity and training speed of the model.
Therefore, the data needs to be normalized to the range [0,1]. (3) Parameter setting: firstly, the number of neuron nodes in
both the input and output layers is established. The number of nodes in the hidden layer is then calculated using the formula
n =M+ N +k, where n represents the number of nodes in the hidden layer, M is the number of input nodes, N is the
number of output nodes, and k is a natural number ranging from 1 to 10. Subsequently, the error value, learning rate, and
number of training sessions are defined, with values set at 0.00001, 0.01, and 1000, respectively. Additionally, the training
function for this model is designated as trainlm, the activation function for the input layer is set to tansig, and the activation
function for the hidden layer is selected as purelin. Finally, the minimum root mean square error (RMSE) of the training set is
utilized to determine the optimal model. (4) Model fitting: the optimal model will be utilized to predict the number of
monthly occurrences from January to December 2023.

2.2.3. The combined SARIMA-BPNN model

Leveraging the advantageous characteristics of the BPNN model, the predictive performance of the SARIMA model was
enhanced and optimized, thereby improving the accuracy of the overall prediction model. The fitted and predicted values
generated by the best-fitting SARIMA model serve as inputs to the BPNN model, while the actual values are utilized as
outputs, resulting in the creation of a combined SARIMA-BPNN model. Validation was conducted using data from January to
December 2023 to assess the fitting performance of the model.

2.2.4. Assessment of the effects of predictive modelling
The assessment of the effects of prediction models was based on the error between the predicted and actual values; a

smaller error indicated greater accuracy in model predictions. In this study, the root mean square error (RMSE) and the mean
absolute error (MAE) were chosen to evaluate the predictive performance of various models.

1< ~
MAE=_ > i il (6)
i=1
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RMSE= 5 01 37 7)

Where n is the number of observations, yi is the actual value, ¥ is the predicted value.
2.3. Statistical analyses

In this study, MATLAB version 2023b was utilized to construct both the BPNN model and the combined SARIMA-BPNN
model, while R version 4.3.3 was employed for the development of the SARIMA fitted model, with a significance level
established at P < 0.05. To account for the potential impact of the novel coronavirus outbreaks on the predictive model, the
study divided the data into two segments for analysis. Specifically, this study utilized the monthly occurrence data of scrub
typhus in Ganzhou City from January 2008 to December 2022 as the first part of the training set, while the data from January
2008 to December 2019 served as the second part of the training set. Based on these two data sets, the SARIMA model, the
BPNN model, and the combined SARIMA-BPNN model were constructed to fit the monthly occurrence numbers from January
to December 2023. Secondly, the study compared the model predictions with the actual values to assess the predictive effects
of the various models. Finally, the optimal model was selected to predict the occurrence of scrub typhus in Ganzhou City for
the years 2024—2025.

3. Results
3.1. Descriptive analyses

From 2008 to 2023, a total of 6,892 cases of scrub typhus were reported in Ganzhou City. The trend in the occurrence of
scrub typhus exhibited an approximate 'N' shape, peaking in 2018 (Fig. 1A). The occurrence of scrub typhus was predomi-
nantly observed during the summer months, indicating a clear seasonal pattern (Fig. 1B).

3.2. Constructing modelling using data from January 2008 to December 2022

3.2.1. Constructing the SARIMA model

3.2.1.1. Data stationarity test. A stationarity test conducted on the time series of scrub typhus cases from January 2008 to
December 2022, yielded a t-value of —8.604 and a p-value of 0.01, indicating that the series was stationary. Furthermore,
plotting the time series against the original series revealed significant seasonality within the data (Fig. 2). The ‘diff’ function
was utilized to conduct first-order seasonal differencing on the original time series, effectively eliminating the seasonal ef-
fects present in the series. The resulting of time series was then plotted (Supplementary Fig. 1). An ADF test was performed on
the differentiated time series, yielding a test statistic of t = —4.739 and a p-value of 0.01. This indicated that there was no unit
root in the original data series, suggesting that it can be regarded as stationary and suitable for modelling.

3.2.1.2. Model identification and parameter estimation. The pure white noise test was conducted on the stationary time series,
revealing that the p-value of the Ljung-Box Q-test statistic was consistently low (P < 0.05) across all delay orders. This
indicated that the series can be classified as non-white noise. Following the stationarity test after differencing, it can be
preliminarily concluded that the model parameters were d = 1, D = 1, and s = 12. Based on the ACF and PACF diagrams
(Supplementary Fig. 1), the values of p and q were identified as 1 and 0, respectively. For the seasonal parameters P and Q,
previous studies suggested that their values typically did not exceed 3. Consequently, we considered P and Q to be 0, 1, and 2,
leading to the establishment of nine alternative models through individual testing. As shown in Supplementary Table 1, the
SARIMA(1,1,0)(2,1,0)12 model emerged as the optimal choice. The Ljung-Box Q-test applied to the model residuals indicates
that 2 = 4.251, with a p-value of 0.528. Therefore, the null hypothesis cannot be rejected, suggesting that the residual series
can be regarded as a white noise series. This implied that most of the data characteristics in the time series have been
effectively captured by the optimal model.

3.2.2. Constructing the BPNN model

In this study, the BPNN model was developed using the occurrences data of scrub typhus from January 2008 to December
2022 to forecast the occurrences of scrub typhus for the period from January to December 2023. Taking into account the
periodicity and autocorrelation characteristics of scrub typhus occurrences in Ganzhou City, three distinct BPNN models were
established in this research. Net1: utilizes the number of occurrences from the previous six months to forecast the occur-
rences in the subsequent month. Net2: employs the number of occurrences from the preceding twelve months to predict the
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Fig. 1. Occurrence numbers of scrub typhus in Ganzhou City, January 2008—December 2023. (A: annual occurrence numbers; B: monthly occurrence numbers).

occurrences in the following month. Net3: analyzes the number of occurrences during the same period over the previous
three years to estimate the occurrences in the corresponding period of the upcoming year.

3.2.2.1. Sample processing. The training and validation sets were constructed using Net1 as an example. Net1 comprised 186
samples, with the first 174 designated for the training set and the remaining 12 allocated to the validation set. The specific
structure of the sample sets was illustrated in Supplementary Tables 2 and 3

3.2.2.2. Training network. The range of hidden layer nodes for the three network models was derived according to the
specified equation, facilitating the construction of BPNN models with varying network architectures. The optimal network
structures for these models were determined based on the principle of minimizing the RMSE of the test set. As shown in
Supplementary Table 4, the optimal hidden layers for Net1, Net2, and Net3 were 11, 14, and 9, respectively. Consequently, the
optimal network structures for the three models were 6-11-1, 12-14-1, and 3-9-1. Among the three BPNN models, the
structure 3-9-1 emerged as the optimal configuration.

3.2.3. Constructing the combined SARIMA-BPNN model

From the preceding analysis, it was established that the SARIMA(1,1,0)(2,1,0)12 model was optimal. The fitted and predicted
values generated by this SARIMA model served as inputs for the BPNN model, while the actual values were utilized as the
outputs of the BPNN model. A total of ten alternative models were constructed based on the number of neurons in the hidden
layer. When the number of neurons in the hidden layer was set to eight, the combined SARIMA-BPNN model achieved the
minimum RMSE value, indicating that the network structure of SARIMA-BPNN was 1-8-1 (Supplementary Table 4).

3.2.4. Model predictions and comparisons

The actual and predicted cases of scrub typhus in 2023 were presented in Table 1 and Fig. 3. All three constructed models
demonstrated a strong ability to predict scrub typhus cases effectively. The BPNN (3-9-1) model provided predictions that
were closest to the actual case numbers in January, April, May and August. In contrast, the combined SARIMA-BPNN (1-8-1)
model exhibited the best performance in February, May, and June. To further compare the three models, various rating
metrics, including MAE and RMSE, were employed in this study. As shown in Table 2, the BPNN (3-9-1) model demonstrated
the best predictive performance, exhibiting the lowest values of MAE and RMSE. This was closely followed by the combined
SARIMA-BPNN and SARIMA models, respectively.

3.3. Constructing modelling using data from January 2008 to December 2019
3.3.1. Constructing the SARIMA model

The time series of scrub typhus cases from January 2008 to December 2019 was assessed for stationarity. The results
indicated that the time series was stationary (t = —5.212, P = 0.01). Furthermore, plotting the time series against the original
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Fig. 2. Decomposition of the original sequence.

series revealed significant seasonality within the data (Fig. 2). The original time series underwent first-order seasonal dif-
ferencing to remove the seasonal effects present in the series. The p and q parameters of the SARIMA model were initially
determined using the ACF and PACF plots (Supplementary Fig. 2). Subsequently, the optimal SARIMA(1,1,0)(0,1,1);2 model was
identified based on the principle of AIC minimization (Supplementary Table 5). A white noise test was conducted on the
model's residuals, yielding a result of x2 = 9.952, P = 0.077, which confirmed the model's adequacy.

3.3.2. Construction the BPNN model and combined SARIMA-BPNN model

A total of 30 alternative models were constructed based on variations in the number of neurons in the hidden layer, as well
as different configurations for the input and output layers. When the hidden layer was 13, the BPNN model achieved the
lowest RMSE value, resulting in a network structure of 6-13-1(Supplementary Table 6).

From the preceding analysis, it was determined that the SARIMA(1,1,0)(0,1,1)12 model was optimal. The fitted and pre-
dicted values generated by this SARIMA model served as inputs for the BPNN model, while the actual values were utilized as
the outputs of the BPNN model. A total of ten alternative models were constructed based on the number of neurons in the
hidden layer. When the hidden layer was 9, the combined SARIMA-BPNN model exhibited the minimum RMSE value, with a
network structure of 1-9-1 (Supplementary Table 6).

3.3.3. Model predictions and comparisons

The BPNN (6-13-1) model predicted the number of cases most accurately in March, while the combined SARIMA-BPNN
model demonstrated superior performance in December (Table 3). To further evaluate these three models, this study
employed MAE and RMSE as assessment metrics. As indicated in Table 4, the combined SARIMA-BPNN (1-9-1) model
exhibited the best predictive performance, achieving the lowest values for both MAE and RMSE.
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Table 1
Predicted monthly number of scrub typhus cases in Ganzhou City, January 2023—December 2023.
Time Actual value Predicted value
BPNN SARIMA- BPNN SARIMA
January 9 10 6 -2
February 6 14 6 -3
March 10 6 6 -10
April 1 0 6 -9
May 12 11 11 6
June 99 71 99 81
July 108 101 130 135
August 88 88 90 70
September 90 82 46 51
October 92 65 33 35
Novembe 30 36 8 3
December 2 18 5 -8
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Fig. 3. Comparison between the predicted occurrences of scrub typhus and the actual number of occurrences from January 2023 to December 2023.

3.4. Final model selection and application

This study compared the MAE and RMSE values of the BPNN (3-9-1) model, which was constructed using data from
January 2008 to December 2022, with those of the SARIMA-BPNN (1-9-1) model, which was developed using data from

Table 2

Comparison of three models using mean absolute error (MAE) and root mean square error (RMSE).
Evaluation index SARIMA(1,1,0)(2,1,0)12 BPNN (3-9-1) SARIMA- BPNN (1-8-1)
MAE 21.969 6.4 13.873
RMSE 27.950 8.472 19.881
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Table 3

Predicted monthly number of scrub typhus cases in Ganzhou City, January 2023—December 2023.
Time Actual value Predicted value

BPNN SARIMA- BPNN SARIMA

January 9 -19 6 7
February 6 -1 -16 -4
March 10 9 -18 -5
April 1 44 -9 -1
May 12 21 20 25
June 99 32 129 133
July 108 111 89 206
August 88 79 122 129
September 90 78 68 111
October 92 80 87 83
Novembe 30 22 18 23
December 2 13 0 3

Table 4

Comparison of three models using mean absolute error (MAE) and root mean square error (RMSE).
Evaluation index SARIMA(1,1,0)(0,1,1)12 BPNN (6-13-1) SARIMA- BPNN (1-9-1)
MAE 21413 17.558 16.178
RMSE 33.740 25.604 19.361

January 2008 to December 2019. The model exhibiting smaller MAE and RMSE values, specifically the BPNN (3-9-1), was
identified as the superior forecasting model, as detailed in Tables 2 and 4

The model BPNN (3-9-1) was utilized to predict the occurrence of scrub typhus in Ganzhou City from January 2024 to
December 2025, as presented in Table 5. The occurrence of scrub typhus in Ganzhou City during this period remained low,
with the number of cases recorded at 284 in 2024 and 163 in 2025.

4. Discussion

Scrub typhus is one of the major public health challenges globally, posing a significant risk to human health. Each year,
approximately one million cases of scrub typhus were reported, with around one billion individuals at risk of infection
(Premaratna et al., 2017). The prediction of infectious diseases facilitated the timely detection of trends in disease progression.
Consequently, regions that were continuously monitored for scrub typhus can be utilized to forecast the occurrence of this
disease by developing a mathematical model. The findings from this model can enhance scrub typhus surveillance and
provide a scientific foundation for prevention strategies in the area.

The occurrence of scrub typhus in Ganzhou City was primarily concentrated between June and October, exhibiting a
notable seasonality. This phenomenon may be attributed to the alignment of this period with the local agricultural season,
during which farmers engaged in fieldwork, thereby increasing their likelihood of contact with chiggers (Liao et al., 2014).
Furthermore, the warm climate and extended hours of sunlight during these months created favorable conditions for the
growth and development of chiggers (Wei et al., 2022). In this study, the trend of occurrence decreased since 2018, but
exhibited an increasing trend once again in 2023. Alongside scrub typhus, other infectious diseases, such as gonorrhea and
hepatitis, displayed similar patterns (Wang et al., 2024; Zheng et al., 2023). This may be attributed to the Chinese govern-
ment's embargo strategy in response to the novel coronavirus outbreak, which involved strict control of population move-
ment. Consequently, there was a virtual standstill of most social activities in China, leading to a reduction in the number of
individuals infected with scrub typhus.

In this study, we constructed the BPNN model, the SARIMA model, and the combined SARIMA-BPNN model using the
occurrence data of scrub typhus in Ganzhou City from January 2008 to December 2022. These models were compared against
actual values to evaluate their fitting performance. The results indicated that the BPNN model exhibited a significantly better
fitting effect than the other two models, highlighting the nonlinear characteristics of scrub typhus occurrence data in
Ganzhou City. In this study, three distinct BPNN models were developed based on various methods of sample division. All
three models were capable of predicting the occurrence of scrub typhus; however, the third model (Net3) demonstrated the
smallest error between the predicted values and the actual data, achieving the lowest evaluation metrics, namely RMSE. In
the prediction process of BPNN, various methods of sample division can result in differences in prediction accuracy, poten-
tially leading to significant discrepancies (Fang et al., 2023). Consequently, when conducting BPNN modelling, it was
advisable to explore multiple sample division techniques to identify the optimal network model. This study employed the
BPNN (3-9-1) model to predict the occurrence of scrub typhus in Ganzhou City from January 2024 to December 2025. The
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Table 5

Predicted monthly number of scrub typhus cases in Ganzhou City, January 2024—December 2025.
2024 Predicted value 2025 Predicted value
January 12 January 10
February 14 February 11
March 12 March 14
April 17 April 13
May 26 May 14
June 23 June 15
July 22 July 14
August 30 August 14
September 25 September 16
October 38 October 13
Novembe 56 Novembe 14
December 9 December 15

results indicated that the occurrence of scrub typhus in Ganzhou City is expected to remain low during this period,
demonstrating a decreasing trend. However, it is essential to strengthen prevention and control measures for scrub typhus.

As a naturally occurring epidemic disease, the incidence and spread of scrub typhus are influenced by a combination of
factors, including meteorological conditions, the health environment, and social and public health measures (Pan et al., 2024;
Ranjan, 2018). Researchers Geng et al. found that non-pharmacological interventions aimed at preventing and controlling
neococcal pneumonia were effective in reducing the incidence of common infectious diseases transmitted through the
respiratory and digestive tracts, such as pertussis, influenza, and scarlet fever (Geng et al, 2022). The impact of the lower
number of scrub typhus occurrences during the new coronavirus epidemic on the predictive efficacy of the model remained
unclear, necessitating further exploration. In this study, a scrub typhus prediction model was developed using data collected
from January 2008 to December 2019. The findings indicated that the SARIMA-BPNN model exhibited the highest predictive
performance. This model effectively integrated the strengths of both the SARIMA and BPNN methodologies, with SARIMA
focusing on extracting linear information from the data and BPNN adeptly mining its nonlinear features. This synergistic
approach enabled the model to leverage the available information more comprehensively, thereby enhancing its applicability
for predicting the incidence of infectious diseases (Orang et al., 2024). However, the MAE and RMSE of the SARIMA-BPNN
model constructed from January 2008 to December 2019 were higher than those of the BPNN model developed from
January 2008 to December 2022. This discrepancy may be attributed to the characteristics inherent in the time series data and
the nature of infectious diseases. The coherence characteristics of time series demonstrated an interdependence among serial
values that exhibited fluctuations over time, highlighting a significant continuity in their relationships. This coherence
facilitated the identification of patterns of change between series values, thereby enabling the forecasting of future trends.
Considering three years of data from the new coronavirus epidemic when constructing the prediction model can ensure the
consistency of occurrence numbers in the time series, thereby enhancing the model's ability to identify data characteristics.
Conversely, excluding these three years of data from the modelling process would lead to gaps in the dataset for that period,
ultimately diminishing the efficacy of the developed model in predicting infectious diseases. Despite the significant reduction
in the occurrence of scrub typhus due to the impact of the new coronavirus outbreak, it was essential to incorporate the
occurrence data from these three years into the infectious disease prediction model for short-term forecasts to enhance the
accuracy of the predictions.

This study presents several strengths. Firstly, it comprehensively analyzed the linear and non-linear characteristics of the
serial data using the SARIMA model, the BPNN model, and the combined SARIMA-BPNN model. Secondly, it incorporated
three years of occurrence data related to the epidemic and examined the potential impact of the new coronavirus epidemic on
the prediction models.

This study also has several limitations. Firstly, the data on scrub typhus cases were obtained passively, making it sus-
ceptible to misreporting and underreporting. Secondly, the incidence of scrub typhus was influenced by meteorological
factors and socio-economic conditions, which were not considered in this study. Furthermore, this study did not consider the
transmission dynamics of infectious diseases, which may not adequately address the issue of time delays.

5. Conclusions

The occurrence of scrub typhus in Ganzhou City has demonstrated a decreasing trend in recent years, with a clear seasonal
pattern in its occurrence. The model that exhibited the best predictive performance was the BPNN (3-9-1) model. Notably,
during the development of the prediction model for scrub typhus, the three-year occurrence data of the new coronavirus
epidemic was incorporated, which contributed to enhancing the prediction accuracy. By developing this prediction model,
this study aimed to provide more scientific and rational recommendations for the prevention and control of scrub typhus in
Ganzhou City. Additionally, it will assist decision-makers in the effective allocation of public health resources. Furthermore,
timely and effective countermeasures can be implemented in response to potential epidemic peaks.
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