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Abstract
Background Infectious diarrhea remains a major public health problem worldwide. This study used stacking 
ensemble to developed a predictive model for the incidence of infectious diarrhea, aiming to achieve better 
prediction performance.

Methods Based on the surveillance data of infectious diarrhea cases, relevant symptoms and meteorological factors 
of Guangzhou from 2016 to 2021, we developed four base prediction models using artificial neural networks (ANN), 
Long Short-Term Memory networks (LSTM), support vector regression (SVR) and extreme gradient boosting regression 
trees (XGBoost), which were then ensembled using stacking to obtain the final prediction model. All the models were 
evaluated with three metrics: mean absolute percentage error (MAPE), root mean square error (RMSE), and mean 
absolute error (MAE).

Results Base models that incorporated symptom surveillance data and weekly number of infectious diarrhea 
cases were able to achieve lower RMSEs, MAEs, and MAPEs than models that added meteorological data and 
weekly number of infectious diarrhea cases. The LSTM had the best prediction performance among the four base 
models, and its RMSE, MAE, and MAPE were: 84.85, 57.50 and 15.92%, respectively. The stacking ensembled model 
outperformed the four base models, whose RMSE, MAE, and MAPE were 75.82, 55.93, and 15.70%, respectively.

Conclusions The incorporation of symptom surveillance data could improve the predictive accuracy of infectious 
diarrhea prediction models, and symptom surveillance data was more effective than meteorological data in 
enhancing model performance. Using stacking to combine multiple prediction models were able to alleviate the 
difficulty in selecting the optimal model, and could obtain a model with better performance than base models.
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Background
Infectious diarrhea remains a major public health prob-
lem worldwide and is a leading cause of death in chil-
dren. The GBD 2019 study showed that the proportion 
of DALYs caused by infectious diarrhea in children under 
9 years old ranked the third, following lower respira-
tory tract infections among infectious diseases [1]. The 
trend of infectious diarrhea incidence in Mainland China 
is increasing and especially in 0–4 age group, and the 
increasing trend might continue due to the changes in 
pathogen spectrum [2].

Prediction can support the prevention and control 
of infectious diarrhea. Based on the surveillance data, 
prediction models can be developed to help implement 
better measures to reduce the burden of disease. Previ-
ous studies have used meteorological data to predict the 
incidence of infectious diarrhea and were able to provide 
relatively accurate predictions [3, 4]. In the era after the 
COVID-19 pandemic, there is an increasing emphasis on 
predicting infectious diseases. In recent years, in addition 
to conventional infectious disease surveillance, symp-
tom surveillance has been increasingly used internation-
ally as a complementary method of disease surveillance 
[5–8]. Using multi-source data to build an intelligent 
early warning system for infectious diseases is one of the 
main requirements for China’s current infectious disease 
monitoring and early warning work [9]. Therefore, it is 
beneficial to include symptom surveillance data as a part 
of multi-source data. However, there is still a need for 
further analysis of symptom surveillance data. For exam-
ple, few studies have used symptom surveillance data to 
predict infectious diarrhea incidence, and it is not clear 
whether symptom surveillance data can improve the pre-
diction of infectious diarrhea incidence.

Despite the widespread use of the autoregressive inte-
grated moving average (ARIMA) model for predict-
ing temporal trends in infectious diarrhea and other 
infectious diseases [10–13], the main limitation lies in 
its inability to accurately fit and predict the nonlinear 
trends. This shortcoming can be attributed to the fact 
that the model is constructed based on the principle of 
linear correlation, which is inadequate for capturing 
complex nonlinear patterns in the data [14]. With the 
advancements in machine learning, various models such 
as artificial neural networks, support vector machines 
(including support vector regression), and decision tree-
based methods are being increasingly employed to pre-
dict infectious diarrhea together with other infectious 
diseases. For example, Wang et al. employed artificial 
neural networks, support vector regression, and ran-
dom forest regression to predict the weekly incidence of 

infectious diarrhea in Shanghai, China [3]. Abubakar et 
al. developed an artificial neural networks-based diarrhea 
incidence prediction model using a vast dataset consist-
ing of demographic, socioeconomic, and environmental 
variables [15]. These machine learning models, which 
effectively extracted information concerning nonlinear 
trends, provided a further improvement compared to the 
deficiencies of ARIMA. However, selecting the most suit-
able model from these machine learning models can be a 
challenging task, as the optimal model may vary depend-
ing on the data and settings used. Actually, different 
machine learning models may have different advantages 
in data learning, so using an ensemble learning approach 
to combine different models can play a complementary 
role to each other, and also alleviate the challenge of 
determining an optimal model [16].

The ensemble learning is a technique that combines 
multiple models to accomplish a specific task. By aggre-
gating multiple models, a better-performing model can 
be obtained. Building an ensemble model involves two 
main processes: the selection of a methodology for train-
ing the participating base models and choosing a suitable 
process for combining the models’ outputs. According 
to different methods of the above two processes, vari-
ous ensemble learning methods have been developed, 
including AdaBoost, Bagging, Random Forest, Stacking, 
and others [17]. Stacking can integrate heterogeneous 
models together, while AdaBoost, Bagging, and random 
forest can only integrate homogeneous base models [17]. 
In addition, stacking does not require a particularly large 
sample size so that it is more suitable for infectious dis-
ease surveillance data [18]. Stacking was successfully 
used in many fields, such as the prediction of crash injury 
severity [19], the prediction of prices in the agribusiness 
area [20], the prediction of influenza incidence [21], the 
subcellular localization prediction for long non-coding 
RNAs [22] and others. In general, however, the applica-
tion of stacking in the field of infectious disease predic-
tion is still relatively rare. While there have been a few 
studies that applied stacking to influenza prediction [16, 
23], more research is required to validate its effectiveness 
in predicting other infectious diseases such as infectious 
diarrhea.

The stacking model currently has few applications in 
the field of infectious disease prediction. The conclusions 
of this study could provide valuable references. More-
over, in the construction of infectious disease predic-
tion models, the optimal model has different conclusions 
in different studies. This difficulty could be alleviated 
by integrating different base models by stacking, and at 
the same time, a better model could be obtained. In this 
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study, symptom surveillance data in previous weeks were 
included in the construction of the prediction model, and 
the predicted values obtained through the model would 
precede the official statistics. In combination with the 
advantages of stacking models, we could provide predic-
tive information about future epidemics in advance that 
would be useful in public health decision-making.

Methods
Data sources
Infectious diarrhea is an intestinal infectious disease 
with diarrhea or vomiting as the main symptom. In 
China, an infectious diarrhea case, which is clinically 
diagnosed or etiologically confirmed by any hospital or 
healthcare institution, is required by law to be reported 
immediately to the notifiable infectious diseases net-
work direct reporting system. In this study, the weekly 
number of infectious diarrhea cases in Guangzhou dur-
ing 2016–2021 was accessed from the Guangzhou center 
for disease control and prevention (Guangzhou CDC), 
including all the confirmed infectious diarrhea cases in 
Guangzhou.

The symptom surveillance system for diarrhea-related 
infectious diseases in China is based on the number of 
cases with diarrheal syndromes monitored through gas-
troenterology outpatient clinics. Specifically, healthcare 
institutions established gastroenterology outpatient 
clinics for the patients with symptoms such as diarrhea, 
vomiting, and other suspected diarrhea-related infec-
tious diseases. The number of visits to these gastroen-
terology outpatient clinics could reflect the number of 
cases with diarrheal syndromes. In this study, the weekly 
number of gastroenterology outpatient visits and the 
rate of weekly gastroenterology outpatient visits to total 
outpatient visits (weekly gastroenterology outpatient 
clinic visit rate) in Guangzhou from 2016 to 2021 were 
obtained from the Guangzhou CDC, which covered all 
healthcare institutions with gastroenterology outpatient 
clinics in Guangzhou.

Daily surface meteorological data of Guangzhou City 
site including air temperature, minimum air temperature, 
maximum air temperature, relative humidity, precipita-
tion, and atmospheric pressure from 2016 to 2021 were 
obtained from the National Centers for Environmen-
tal Information. Based on the daily meteorological data, 
weekly mean air temperature, weekly mean minimum air 
temperature, weekly mean maximum air temperature, 
weekly mean atmospheric pressure, weekly mean relative 
humidity, and weekly mean precipitation were calculated 
to match the infectious diarrhea data and gastroenterol-
ogy outpatient clinic data.

The mean number of infectious diarrhea cases from 
June 2021 to Dec 2021 was only 6 per week, whereas the 
average number of infectious diarrhea cases per week 

from Jan 2016 to Dec 2021 was 311 (see Additional file 1: 
Figure S1 in Supplementary material). From the statisti-
cal characteristics of the data, the data of infectious diar-
rhea cases after June 2021 (weeks 26 to 52 of 2021) could 
be regarded as outliers. It was presumed that the multiple 
local outbreaks of COVID-19 in Guangzhou in June 2021 
led to these outliers. These may not necessarily reflect the 
true level of incidence, so we excluded these potentially 
inaccurate data in modelling, only incorporating the 286 
time points from week 1 of 2016 to week 25 of 2021 in 
modelling. Then the dataset was divided into a training 
set and a testing set in the ratio of 8:2, with the data from 
week 1 of 2016 to week 20 of 2020 as the training set and 
the data from week 21 of 2020 to week 25 of 2021 as the 
testing set. The training set was used to develop models 
while the testing set was used for the evaluation of model 
performance. The training set was further divided into a 
validation set of 20% in model training, which was mainly 
used to determine the hyperparameters of the models. 
When better hyperparameters were obtained, the whole 
training set data was taken to train the final model.

Model overview
This study implemented an ensemble method of stacking 
to build the prediction model for infectious diarrhea. The 
basic framework of stacking is to develop different base 
models first, and then integrate the output of all base 
models through a trained meta-model. The base models 
in this study included artificial neural networks (ANN), 
Long Short-Term Memory networks (LSTM), support 
vector regression (SVR) and extreme gradient boost-
ing regression trees (XGBoost). These models are com-
monly used machine learning models, and they represent 
several different categories of machine learning models: 
neural networks, support vector kernel methods, and 
decision tree-based methods. Another extreme gradi-
ent boosting model with linear boosters was used as the 
meta-model. Different base models have different charac-
teristics, so that we can therefore benefit from the diver-
sity of base models when using stacking method, which is 
one of the theoretical bases why stacking ensemble learn-
ing can improve the prediction performance [17, 24, 25]. 
However, there is no particular criterion for the number 
of base models and for choosing base models, as long 
as the chosen base models are able to achieve the target 
task. Therefore, considering that choosing too many base 
models would increase the training time, the above four 
base models were chosen.

This study developed the predictive model of weekly 
number of infectious diarrhea cases based on the theory 
of time series prediction. It used the historical observa-
tions of weekly number of infectious diarrhea cases, out-
patient variables (the weekly number of gastroenterology 
outpatient visits and weekly gastroenterology outpatient 
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clinic visit rate) and weekly meteorological variables as 
inputs to predict the future values of weekly number of 
infectious diarrhea cases. The task of time series predic-
tion is as follows [26]:

 
Ŷt+d =H(yt − n + 1, . . . , yt − 1, yt, x1

t−n+1, . . . ,

x1
t−1, x

1
t , x

2
t−n+1, . . . , x

2
t−1, x

2
t , . . . , x

L
t−n+1, . . . , x

L
t−1, x

L
t )

 (1)

where H(•)  denotes a learner. yt−n+1, . . . , yt−1, yt  denote 
the historical data points of weekly number of infec-
tious diarrhea cases. n denotes the number of historical 
data points, which is also the time lags. Ŷt+d  is the pre-
dicted value, which means a d-step-ahead prediction. In 
this research, we set d = 1 which indicated a one-step-
ahead prediction (i.e., one-week-ahead prediction). y 
denoted the weekly number of infectious diarrhea cases, 
and x1, x2, . . . , xL  referred to other predictors: symptom 
surveillance data and meteorological variables. n and L 
were determined through feature selection. L denotes 
the number of related variables. x1

t , x
2
t , . . . , x

L
t  denote the 

values of other predictors at timestamp t.

Model evaluation method and metrics
This study evaluated the predictive performance of the 
models by comparing the evaluation metrics MAPE, 
RMSE and MAE, which were computed using the test-
ing set data. The evaluation metrics used in this study 
include: root mean square error (RMSE), mean abso-
lute error (MAE) and mean absolute percentage error 
(MAPE). Models with better prediction performance 
have lower RMSE, MAE, and MAPE. MAPE would be 
used as the most important indicator because the mean 
value of the weekly number of infectious diarrhea cases 
was not stable and relative errors could better reflect the 
predictive performance. The formulas are as follows:
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where yt  denotes the observed value, and ŷt  is the pre-
dicted value. All the calculations of these metrics were 
based on the testing set.

Feature selection and model training details
The features included the weekly number of infectious 
diarrhea cases, gastroenterology outpatient visits, gas-
troenterology outpatient clinic visit rate, and the meteo-
rological variables in previous n weeks according to the 

results of the autocorrelation and cross-correlation anal-
yses. We considered the temporal characteristics of each 
variable, the auto-correlation coefficients, and the cross-
correlation functions to initially determine the range of 
n (the time lags) and L (the number of related variables). 
We then built the models using different n values and 
incorporating different variables. The feature selection 
was determined by comparison of the model evaluation 
metrics.

Based on the stacking framework, we first constructed 
four base models: ANN, LSTM, SVR, and XGBoost. 
In the training of ANN, LSTM, and SVR, the datasets 
were normalized, while XGBoost used the original data 
directly for training [27]. For the ANN model, the num-
ber of neurons in the input layer was based on the value 
of n and L described above. The number of neurons in 
the output layer was 1. We set 3 main different struc-
tures: (1) 3 dense layers with 64 neurons each; (2) 4 dense 
layers with 64 neurons each; (3) 5 dense layers with 64 
neurons each. For the LSTM model, the number of neu-
rons in the input layer was similarly determined by n and 
L. There was 1 neuron in the output layer. Three main 
different structures were set: (1) 1 LSTM layer with 64 
LSTM neurons, and 2 dense layers with 64 neurons each; 
(2) 1 LSTM layer with 64 LSTM neurons, and 3 dense 
layers with 64 neurons each; (3) 1 LSTM layer with 64 
LSTM neurons, and 4 dense layers with 64 neurons each. 
Both the structures of the ANN and LSTM models were 
eventually determined according to the model evaluation 
metrics calculated.

For the SVR model, a Gaussian kernel was used as 
the kernel function. The grid search method was used 
to search for better values of the regularization con-
stant C, and the tolerance error ε parameter. For the 
XGBoost model, the hyperparameters n_estimators and 
max_depth were determined through the validation set 
divided from the training set. The final XGBoost model 
was obtained by the whole training set.

After building the four base models, we used the base 
models to generate the meta-data for training the meta-
model. It was the most critical step of stacking ensemble. 
It could also be regarded as the extraction and transfor-
mation of the original data features. To avoid overfit-
ting, we further used a 5-fold cross-validation process to 
generate the subset for training in the meta-data, which 
was used to develop the meta-model (Fig. 1). Firstly, the 
training set from the original data was separated into 5 
folds. Then we held out one of the folds and trained mul-
tiple independent base models using the other folds, 
and predicted the held-out fold using the base models 
trained here. After finishing 5 times of the above prog-
ress, we could obtain out-of-sample predictions of all 
5 folds, which had the same length as the original data. 
These data formed the inputs of the training set in the 
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meta-data, which was used to train the meta-model. 
Finally, both the base models and the stacking model 
were then evaluated using the testing set.

All the analyses were conducted in Python (version 
3.9.12). The training of ANN and LSTM was based on 
Keras (version 2.11.0) and Tensorflow (version 2.11.0). 
SVR and XGBoost were trained using scikit-learn (ver-
sion 1.2.2) and xgboost (version 1.7.3), respectively.

Results
Descriptive statistics
The average weekly number of infectious diarrhea cases 
in Guangzhou from January 2016 to December 2021 was 
311, with peaks at the end and beginning of each year and 
low levels of cases during the rest time of the year (see 
Additional file 1: Figure S1 in Supplementary material). 
There were elevated outbreak peaks in early 2017 and 
early 2018. From week 26 to week 52 in 2021, the weekly 

number of cases was significantly lower than the previous 
average, which was only 6 cases per week.

The average weekly number of gastroenterology out-
patient clinic visits was 1270, and the average weekly 
gastroenterology outpatient clinic visit rate was 0.48% 
in Guangzhou from 2016 to 2021. It indicated that the 
peaks and trends of weekly number of gastroenterology 
outpatient clinic visits and weekly gastroenterology out-
patient clinic visit rate were similar with those of weekly 
number of infectious diarrhea cases (see Additional file 1: 
Figure S1 in Supplementary material).

Figure  2 showed that the autocorrelation coefficients 
of the weekly number of infectious diarrhea cases from 
1-week to 8-week lags were significant. Figure 3 indicated 
that the weekly number of infectious diarrhea cases was 
significantly correlated with weekly number of gastroen-
terology outpatient clinic visits from 1-week to 11-week 
lags, and was significantly correlated with weekly 

Fig. 2 Autocorrelation plot of weekly number of infectious diarrhea cases

 

Fig. 1 The meta-model training in stacking framework
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gastroenterology outpatient clinic visit rate from 1-week 
to 5-week lags. We could see from Fig. 4 that the weekly 
number of infectious diarrhea cases was also significantly 
associated with the meteorological factors including 
weekly mean air temperature, weekly mean minimum air 
temperature, weekly mean maximum air temperature, 
weekly mean atmospheric pressure, weekly mean relative 
humidity, and weekly mean precipitation from 1-week to 
9-week lags.

Feature selection and performance of base models
According to the results of the autocorrelation and cross-
correlation analyses described above, the values of n in 
Eq.  (1) were therefore set to 2, 3, 4, and 5, respectively. 
Since none of the models we used were susceptible to 
collinearity, both the inclusion as well as the non-inclu-
sion of other predictors: weekly number of outpatient 
visits and weekly outpatient visit rate, each meteorologi-
cal variable, were considered in the construction of the 
four base prediction models (see Table 1 for the symbols 
of each variable). The results for the comparison of model 
prediction performance incorporating historical data and 
other predictors are shown in Table 2.

Table 2 depicted the best RMSEs, MAEs, and MAPEs 
of the four base models, ANN, LSTM, SVR, and 
XGBoost, for various feature selections, with the vari-
ables they incorporated accordingly. The base models 
were initiated with the inclusion of the weekly number of 
infectious diarrhea cases with a time lag of some weeks, 
and then successively including the outpatient variables 

and meteorological variables. Overall, among ANN, 
LSTM, and SVR, models that incorporated the outpatient 
variables and weekly number of infectious diarrhea cases 
were able to achieve lower RMSEs, MAEs, and MAPEs 
than models that added meteorological variables, differ-
ing only in the time lags of the incorporated variables. 
Specifically, the time lags n of the variables included 
in ANN, LSTM, SVR and XGBoost were 2, 5, 5 and 5, 
respectively.

In terms of RMSE, MAE, and MAPE, the LSTM had 
the best prediction performance among the four base 
models. Specifically, the minimum RMSE, MAE, and 
MAPE of ANN were: 86.57, 60.47 and 16.83%; the mini-
mum RMSE, MAE, and MAPE of LSTM were: 84.85, 
57.50 and 15.92%; the minimum RMSE, MAE, and 
MAPE of SVR were: 86.41, 61.31 and 16.37%; the mini-
mum RMSE, MAE, and MAPE of XGBoost were: 85.13, 
63.12 and 17.25%.

Prediction performance of stacking
Since the model structure and feature selection dif-
fered among the four base models when achieving the 
minimum RMSE, MAE, and MAPE, we used three 
approaches in the selection of base models to imple-
ment stacking: selecting the base models with the lowest 
RMSE, selecting the base models with the lowest MAE 
and selecting the base models with the lowest MAPE. 
Table 3 presents the prediction performance of the stack-
ing ensembled models and their corresponding base 
models. As shown in Table 3, the predictive performance 

Fig. 3 (A-B): (A) Cross-correlation coefficients between weekly number of infectious diarrhea cases and weekly number of gastroenterology outpatient 
clinic visits (B) Cross-correlation coefficients between weekly number of infectious diarrhea cases and weekly gastroenterology outpatient clinic visit rate
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of stacking models was often better than those of base 
models. In some cases, the advantage in predictive per-
formance of stacking models was not significant, but 
the predictive performance of the stacking model was 
always close to the best-performing model of the base 
models. The optimal stacking ensembled model was the 
one ensembled by the base models of the lowest MAPE, 
whose RMSE, MAE, and MAPE were 75.82, 55.93, and 
15.70%, respectively. Figure  5 mainly showed the com-
parison between the prediction values and the observed 
values. It could be seen that the predictions of these 

Table 1 The variables and their corresponding symbols
Variable name Symbol
weekly number of infectious diarrhea cases Ncases

weekly number of gastroenterology outpatient clinic visits Nclinic−visits

weekly gastroenterology outpatient clinic visit rate Rateclinic

weekly mean air temperature T
weekly mean minimum air temperature Tmin

weekly mean maximum air temperature Tmax

weekly mean atmospheric pressure Pressure
weekly mean relative humidity RH
weekly mean precipitation Precipitation

Table 2 The minimum RMSEs, MAEs and MAPEs of testing set for ANN, LSTM, SVR, and XGBoost and their included variables
Model Variables included in the model RMSE MAE MAPE
ANN Ncases 95.52 66.56 18.20%

Ncases, Nclinic-visits and Rateclinic 86.57 60.47 16.83%
Ncases, T, Tmin, Tmax, Pressure, RH, and Precipitation 90.65 69.91 19.46%
Ncases, T, Tmin,Tmax, Pressure, RH, Precipitation, Nclinic-visits and Rateclinic 107.03 78.99 20.42%

LSTM Ncases 88.67 57.50 16.38%
Ncases, Nclinic-visits and Rateclinic 84.85 59.07 15.92%
Ncases, T, Tmin, Tmax, Pressure, RH, and Precipitation 92.71 68.21 20.13%
Ncases, T, Tmin, Tmax, Pressure, RH, Precipitation, Nclinic-visits and Rateclinic 95.35 66.25 18.37%

SVR Ncases 91.78 61.74 16.55%
Ncases, Nclinic-visits and Rateclinic 86.41 61.31 16.37%
Ncases, T, Tmin, Tmax, Pressure, RH, and Precipitation 121.04 92.26 29.22%
Ncases, T, Tmin, Tmax, Pressure, RH, Precipitation, Nclinic-visits and Rateclinic 121.38 93.70 29.42%

XGBoost Ncases 93.43 63.12 17.31%
Ncases, Nclinic-visits and Rateclinic 89.19 66.98 18.70%
Ncases, T, Tmin, Tmax, Pressure, RH, and Precipitation 88.00 63.61 17.25%
Ncases, T, Tmin, Tmax, Pressure, RH, Precipitation, Nclinic-visits and Rateclinic 85.13 63.77 18.76%

Fig. 4 (A-F): Cross-correlation coefficients between weekly number of infectious diarrhea cases and (A) weekly mean air temperature, (B) weekly mean 
minimum air temperature, (C) weekly mean maximum air temperature, (D) weekly mean atmospheric pressure, (E) weekly mean relative humidity, (F) 
weekly mean precipitation
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models differed little from the observed values and were 
effective in predicting wave peaks.

Discussion
This study used stacking ensemble learning to build a 
prediction model for infectious diarrhea in Guangzhou. 
The four base models (ANN, LSTM, SVR, and XGBoost) 
were ensembled together, and the prediction perfor-
mance of the final model was improved compared to each 
base model. The results indicated that stacking ensemble 
learning could alleviate the difficulty in optimal model 
selection. We also explored the application of symptom 
surveillance data in the prediction of infectious diarrhea, 
which could effectively enhance the performance of pre-
dictive models. Our research could serve as a valuable 
reference for developing predictive models and utilizing 
multi-source data.

There was a significant correlation between the outpa-
tient variables and the weekly number of infectious diar-
rhea cases. The meteorological factors of air temperature, 
atmospheric pressure, relative humidity, and precipita-
tion were also significantly correlated with the num-
ber of infectious diarrhea cases. Theoretically, patients 
attending the gastroenterology outpatient clinic included 
some patients who might not have infectious diarrhea, 
and not all patients diagnosed with infectious diarrhea 
were identified through the gastroenterology outpatient 
clinic. Therefore, the two should have some correlation, 
although they would not be completely correlated. As 
for the meteorological factors, it might be attributed to 
the fact that meteorological factors have an impact on 
some pathogenic organisms of infectious diarrhea and 
also on the susceptibility of the human body [28–30]. 
In general, both the outpatient variables and meteoro-
logical variables were reasonable predictors in the model 
construction.

We found that the outpatient variables from symptom 
surveillance data were more effective than the meteo-
rological variables in improving the model prediction 
performance. In ANN, LSTM, and SVR models, the addi-
tion of outpatient variables to the initial model which 
only incorporated the lagged weekly number of infec-
tious diarrhea cases could lead to a substantial improve-
ment in model prediction performance. The temporal 
trends of meteorological variables suggested that the air 
temperature, atmospheric pressure, relative humidity, 
and precipitation in Guangzhou were almost consistent 
each year, with little variability (see Additional file 1: Fig-
ure S2 in Supplementary material). Whereas, outpatient 
variables showed more similar trends to the number of 
infectious diarrhea cases. In previous studies, it has also 
been demonstrated that the contribution of meteoro-
logical variables to the prediction of infectious diseases 
varied due to the different climates in different regions 

Table 3 Prediction performance of stacking ensembled model
Selection of 
base models

Model names RMSE MAE MAPE

The base models 
with the lowest 
RMSE

ANN 86.57 60.47 17.38%
LSTM 84.85 59.07 16.99%
SVR 86.41 61.31 16.37%
XGBoost 85.13 65.75 19.16%
Stacking 74.38 55.22 16.01%

The base models 
with the lowest 
MAE

ANN 86.57 60.47 17.38%
LSTM 88.67 57.50 16.52%
SVR 86.41 61.31 16.37%
XGBoost 93.43 63.12 17.31%
Stacking 77.70 58.54 16.88%

The base models 
with the lowest 
MAPE

ANN 92.75 63.13 16.83%
LSTM 90.90 59.07 15.92%
SVR 86.41 61.31 16.37%
XGBoost 88.00 63.61 17.25%
Stacking 75.82 55.93 15.70%

Note The underlined model was the best stacking ensembled model according 
to MAPE

Fig. 5 Time-series plots of predicted values compared to observed values based on testing set
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[31–33]. Moreover, previous studies have not incorpo-
rated predictors other than meteorological factors [3, 4], 
so whether other predictors (outpatient surveillance data, 
for example) are more effective than meteorological fac-
tors in prediction models have not been fully evaluated. 
Therefore, it was acceptable that the model performed 
better when outpatient variables alone were included. 
We found that using symptom surveillance data as pre-
dictors for infectious diarrhea was more effective than 
using meteorological factors in improving the predictive 
performance of the models. It can be a reference for sub-
sequent researchers on how to construct multi-source 
databases that can be used for infectious disease predic-
tion, and also can encourage further improvements in 
infectious disease surveillance to provide more usable 
data in the future. For instance, some smartphone apps 
could help acquire data directly from individuals rather 
than healthcare institutions and could expand basic 
health monitoring of the general population [34, 35].

Among the four base models ANN, LSTM, SVR, and 
XGBoost, LSTM had the best prediction performance, 
and the ensemble of the four base models by stack-
ing could make the prediction performance further 
improved. However, from the perspective of RMSE, 
MAE, and MAPE, the prediction performance of the four 
base models did not differ much, and the prediction per-
formance was influenced by the selected features. The 
reason for the better performance of LSTM is probably 
that it is a neural network especially for processing serial 
data, which can capture the features of time series more 
effectively [36]. LSTM model also performed better in 
many applications of infectious diseases prediction [18, 
37, 38]. Although LSTM may be a relatively better predic-
tion model, some studies showed different conclusions in 
the comparison of the prediction performance of differ-
ent models [23, 39]. It might be due to differences in data 
and prediction goals. Accordingly, it is relatively difficult 
to select a model that is optimal in every scenario. There-
fore, we have adopted the stacking ensemble method to 
integrate the base models. In this study, it could have at 
least two advantages: first, it could solve our difficulty 
in choosing a better model to some extent by combin-
ing some base models together; second, it could further 
promote the predictive performance of the model com-
pared to the base models, and obtain a better model. The 
stacking ensemble method is currently used in many 
domains and competitions such as hydrological forecasts 
[40, 41], wind power forecasts [42], crash prediction [19] 
and influenza incidence prediction [21, 43], and it has 
shown some excellent performance. It can be seen from 
this study that the method of stacking ensemble can be 
applied more to the field of infectious disease prediction 
in future.

From the perspective of public health, one of the pur-
poses of constructing a short-term prediction model is 
to provide advanced warning information to inform the 
decision-making of public health policies [44, 45]. In this 
study, we used the predictors with time lags, so the pre-
dicted values would be prior to the official statistics on 
confirmed cases. In addition, the predicted value would 
be compared with the warning threshold. A warning 
message would be issued when the predicted value was 
higher than the warning threshold. The early warning 
threshold values are often calculated by the moving aver-
age percentile control chart method [46], so the thresh-
old values are based on historical number of cases, rather 
than values that are not yet observed. Therefore, in real-
world situations, our predictive models can provide help-
ful information for public health decision-making.

There were some limitations in this study. The final 
model constructed in this study was actually a black box, 
so it could not analyze the importance of predictors or 
further explore the causal relationship between predic-
tors and outcomes. We used testing data rather than data 
from a different region for external validation, so the 
results should be interpreted with caution when used in 
other areas. For research purposes, however, it already 
achieved our tasks for prediction. In addition, there 
might be more data that could be incorporated into the 
model as predictors, such as drug sales in pharmacies, 
the number of absentees in schools, etc. However, due to 
the difficulty in obtaining these data, this study did not 
include predictors other than outpatient variables and 
meteorological variables.

Conclusions
The incorporation of symptom surveillance data had the 
potential to improve the predictive accuracy of infec-
tious diarrhea prediction models, and symptom surveil-
lance data was more effective than meteorological data 
in enhancing model performance. Furthermore, by using 
the stacking method to combine multiple prediction 
models, we were able to alleviate the difficulty in selecting 
the optimal model, and could obtain a model with better 
performance than base models. Further improvements in 
infectious disease surveillance will generate more usable 
data, which can facilitate the development of more accu-
rate prediction models. In addition, the stacking method 
could also be implemented more in the construction of 
future infectious disease prediction systems.

Abbreviations
GBD  Global Burden of Disease
DALYs  Disability-adjusted life years
ARIMA  The autoregressive integrated moving average model
ANN  Artificial neural networks
LSTM  Long Short-Term Memory networks
SVR  Support vector regression
XGBoost  Extreme gradient boosting regression trees



Page 10 of 11Wang et al. BMC Infectious Diseases          (2024) 24:265 

MAPE  Mean absolute percentage error
RMSE  Root mean square error
MAE  Mean absolute error

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12879-024-09138-x.

Supplementary Material 1

Acknowledgements
Not applicable.

Author contributions
PYW analyzed the data and developed the model. PYW, WJZ and HW are 
major contributors in writing the manuscript. HW, DHW and LL collected data. 
CXS and ZQL were responsible for preprocessing the data and checking the 
results. ZCD and YTH were responsible for the design of this study. All authors 
read and approved the final manuscript.

Funding
This work was supported by National Natural Science Foundation of China 
(81973150), National Natural Science Foundation of China (82103947) and 
Science and Technology Program of Guangzhou, China (202206080003). 
Professor Yuantao Hao gratefully acknowledges the support of K.C. Wong 
Education Foundation.

Data availability
The datasets analyzed during the current study are not publicly available 
due to privacy and regulation, but may be available from Guangzhou center 
for disease control and prevention and from corresponding author upon 
reasonable request.

Declarations

Ethics approval and consent to participate
This study did not involve any human trials. All methods were in accordance 
with relevant guidelines and regulation. All experimental protocols were 
approved by Guangzhou center for disease control and prevention. The use 
of influenza data was permitted by Guangzhou center for disease control 
and prevention. The need of informed consent was deemed unnecessary by 
the Ethics Review Committee of Guangzhou center for disease control and 
prevention, because the data used in this study was anonymized and did not 
contain personal and health information that could be connected back to the 
original identifiers. The study was approved by the Ethics Review Committee 
of Guangzhou center for disease control and prevention.

Consent for publication
Not applicable.

Competing interests
The authors have no relevant financial or non-financial interests to disclose.

Author details
1Department of Medical Statistics, School of Public Health & Center for 
Health Information Research & Sun Yat-sen Global Health Institute, Sun 
Yat-sen University, Guangzhou, China
2Department of Infectious Disease Control and Prevention, Guangzhou 
Center for Disease Control and Prevention, Guangzhou, China
3Guangzhou Joint Research Center for Disease Surveillance and Risk 
Assessment, Sun Yat-sen University & Guangzhou Center for Disease 
Control and Prevention, Guangzhou, China
4Peking University Center for Public Health and Epidemic Preparedness & 
Response, Beijing, China
5Department of Epidemiology & Biostatistics, School of Public Health, 
Peking University, Beijing, China
6Key Laboratory of Epidemiology of Major Diseases (Peking University), 
Ministry of Education, Beijing, China

Received: 31 May 2023 / Accepted: 14 February 2024

References
1. Abbafati C, Abbas KM, Abbasi M, Abbasifard M, Abbasi-Kangevari M, et al. 

Global burden of 369 diseases and injuries in 204 countries and territories, 
1990–2019: a systematic analysis for the global burden of Disease Study 
2019. Lancet. 2020;396(10258):1204–22.

2. Chen C, Guan Z, Huang CY, Jiang DX, Liu XX, et al. Epidemiological trends and 
hotspots of other infectious diarrhea (OID) in Mainland China: a Population-
based Surveillance Study from 2004 to 2017. Front Public Health. 2021;9. 
https://doi.org/10.3389/fpubh.2021.679853.

3. Wang Yongming J, Li J, Gu Z, Zhou, Wang Z. Artificial neural networks for 
infectious diarrhea prediction using meteorological factors in Shanghai 
(China). Appl Soft Comput. 2015;35:280–90. https://doi.org/10.1016/j.
asoc.2015.05.047.

4. Fang XY, Liu WD, Ai J, He MK, Wu Y, et al. Forecasting incidence of infectious 
diarrhea using random forest in Jiangsu Province, China. BMC Infect Dis. 
2020;20(1):8. https://doi.org/10.1186/s12879-020-4930-2.

5. Berry AC. Syndromic surveillance and its utilisation for mass gatherings. 
Epidemiol Infect. 2019;147. https://doi.org/10.1017/s0950268818001735.

6. Elliot AJ, Kara EO, Loveridge P, Bawa Z, Morbey RA, et al. Internet-based 
remote health self-checker symptom data as an adjuvant to a national syn-
dromic surveillance system. Epidemiol Infect. 2015;143(16):3416–22. https://
doi.org/10.1017/s0950268815000503.

7. Chan ANT, Brownstein JS. Putting the Public Back in Public Health - surveying 
symptoms of Covid-19. N Engl J Med. 2020;383(7). https://doi.org/10.1056/
NEJMp2016259.

8. Lin Mei X, Wang, Liang D. Advance in application of syndromic surveillance 
for detection of emerging infectious diseases and outbreak alerts Zhonghua 
yu fang yi xue za zhi [Chinese journal of preventive medicine], 2015. 49(7): p. 
659–64.

9. Yang WZ, Lan YJ, Lyu W, Leng ZW, Feng LZ, et al. Establishment of multi-point 
trigger and multi-channel surveillance mechanism for intelligent early 
warning of infectious diseases in China. Zhonghua Liu Xing Bing Xue Za 
Zhi = Zhonghua Liuxingbingxue Zazhi. 2020;41(11):1753–7. https://doi.
org/10.3760/cma.j.cn112338-20200722-00972.

10. Song X, Xiao J, Deng J, Kang Q, Zhang YY, et al. Time series analysis of 
influenza incidence in Chinese provinces from 2004 to 2011. Medicine. 
2016;95(26). https://doi.org/10.1097/md.0000000000003929.

11. Gharbi M, Quenel P, Gustave J, Cassadou S, La Ruche G, et al. Time series 
analysis of dengue incidence in Guadeloupe, French West Indies: forecasting 
models using climate variables as predictors. BMC Infect Dis. 2011;11. https://
doi.org/10.1186/1471-2334-11-166.

12. Yan L, Wang H, Zhang X, Li MY, He J. Impact of meteorological factors on the 
incidence of bacillary dysentery in Beijing, China: a time series analysis (1970–
2012). PLoS ONE. 2017;12(8). https://doi.org/10.1371/journal.pone.0182937.

13. Zheng YL, Zhang LP, Zhang XL, Wang K, Zheng YJ. Forecast Model Analysis 
for the morbidity of tuberculosis in Xinjiang, China. PLoS ONE. 2015;10(3). 
https://doi.org/10.1371/journal.pone.0116832.

14. Zhang G, Peter. Time series forecasting using a hybrid ARIMA and neural 
network model. Neurocomputing. 2003;50:159–75. https://doi.org/10.1016/
S0925-2312(01)00702-0.

15. Abubakar IR, Olatunji SO. Computational intelligence-based model for diar-
rhea prediction using demographic and Health Survey data. Soft Comput. 
2020;24(7):5357–66. https://doi.org/10.1007/s00500-019-04293-9.

16. Cheng HY, Wu YC, Lin MH, Liu YL, Tsai YY, et al. Applying machine learn-
ing models with an Ensemble Approach for Accurate Real-Time Influenza 
Forecasting in Taiwan: Development and Validation Study. J Med Internet Res. 
2020;22(8). https://doi.org/10.2196/15394.

17. Sagi O, Rokach L. Ensemble learning: a survey. Wiley Interdisciplinary 
Reviews-Data Min Knowl Discovery. 2018;8(4). https://doi.org/10.1002/
widm.1249.

18. Wang MY, Wang H, Wang J, Liu HW, Lu R, et al. A novel model for malaria 
prediction based on ensemble algorithms. PLoS ONE. 2019;14(12):15. https://
doi.org/10.1371/journal.pone.0226910.

19. Tang JJ, Liang J, Han CY, Li ZB, Huang HL. Crash injury severity analysis using a 
two-layer stacking framework. Accid Anal Prev. 2019;122:226–38. https://doi.
org/10.1016/j.aap.2018.10.016.

https://doi.org/10.1186/s12879-024-09138-x
https://doi.org/10.1186/s12879-024-09138-x
https://doi.org/10.3389/fpubh.2021.679853
https://doi.org/10.1016/j.asoc.2015.05.047
https://doi.org/10.1016/j.asoc.2015.05.047
https://doi.org/10.1186/s12879-020-4930-2
https://doi.org/10.1017/s0950268818001735
https://doi.org/10.1017/s0950268815000503
https://doi.org/10.1017/s0950268815000503
https://doi.org/10.1056/NEJMp2016259
https://doi.org/10.1056/NEJMp2016259
https://doi.org/10.3760/cma.j.cn112338-20200722-00972
https://doi.org/10.3760/cma.j.cn112338-20200722-00972
https://doi.org/10.1097/md.0000000000003929
https://doi.org/10.1186/1471-2334-11-166
https://doi.org/10.1186/1471-2334-11-166
https://doi.org/10.1371/journal.pone.0182937
https://doi.org/10.1371/journal.pone.0116832
https://doi.org/10.1016/S0925-2312(01)00702-0
https://doi.org/10.1016/S0925-2312(01)00702-0
https://doi.org/10.1007/s00500-019-04293-9
https://doi.org/10.2196/15394
https://doi.org/10.1002/widm.1249
https://doi.org/10.1002/widm.1249
https://doi.org/10.1371/journal.pone.0226910
https://doi.org/10.1371/journal.pone.0226910
https://doi.org/10.1016/j.aap.2018.10.016
https://doi.org/10.1016/j.aap.2018.10.016


Page 11 of 11Wang et al. BMC Infectious Diseases          (2024) 24:265 

20. Ribeiro MHD, Coelho LD. Ensemble approach based on bagging, boosting 
and stacking for short-term prediction in agribusiness time series. Appl Soft 
Comput. 2020;86. https://doi.org/10.1016/j.asoc.2019.105837.

21. Reich NG, McGowan CJ, Yamana TK, Tushar A, Ray EL, et al. Accuracy of real-
time multi-model ensemble forecasts for seasonal influenza in the US. PLoS 
Comput Biol. 2019;15(11). https://doi.org/10.1371/journal.pcbi.1007486.

22. Cao Z, Pan XY, Yang Y, Huang Y, Shen HB. The lncLocator: a subcellular local-
ization predictor for long non-coding RNAs based on a stacked ensemble 
classifier. Bioinformatics. 2018;34(13):2185–94. https://doi.org/10.1093/
bioinformatics/bty085.

23. Kristiani E, Chen YA, Yang CT, Huang CY, Tsan YT, et al. Using deep ensemble 
for influenza-like illness consultation rate prediction. Future Generation Com-
put Systems-the Int J Escience. 2021;117:369–86. https://doi.org/10.1016/j.
future.2020.12.004.

24. Dietterich TG. Ensemble methods in machine learning, in Multiple Classifier 
Systems, J. Kittler and F. Roli, Editors. 2000. p. 1–15.

25. Dietterich Thomas G. Ensemble learning The handbook of brain theory and 
neural networks, 2002. 2(1): p. 110–125.

26. Han ZY, Zhao J, Leung H, Ma A, Wang W. A review of Deep Learning models 
for Time Series Prediction. IEEE Sens J. 2021;21(6):7833–48. https://doi.
org/10.1109/jsen.2019.2923982.

27. Chen Tianqi, Guestrin C. XGBoost: A Scalable Tree Boosting System, in Pro-
ceedings of the 22nd ACM SIGKDD International Conference on Knowledge 
Discovery and Data Mining. 2016, Association for Computing Machinery: San 
Francisco, California, USA. p. 785–794.

28. van Gaalen Rolina D, Jan, van de Kassteele SJM, Hahné. Patricia Bruijning-
Verhagen and Jacco Wallinga, determinants of Rotavirus Transmission: a lag 
Nonlinear Time Series Analysis>. Epidemiology. 2017;28(4):503–13. https://
doi.org/10.1097/ede.0000000000000654.

29. Musengimana Gentille FK, Mukinda R, Machekano, Mahomed H. Tempera-
ture variability and occurrence of Diarrhoea in Children under five-years-old 
in Cape Town Metropolitan sub-districts. Int J Environ Res Public Health. 
2016;13(9):859.

30. Levy Karen AP, Woster RS, Goldstein, Elizabeth J, Carlton. Untangling the 
impacts of Climate Change on Waterborne diseases: a systematic review of 
relationships between Diarrheal diseases and temperature, rainfall, flooding, 
and Drought. Volume 50. Environmental Science & Technology; 2016. pp. 
4905–22. 1010.1021/acs.est.5b06186.

31. Wang HT, Liu ZD, Xiang JJ, Tong MXL, Lao JH, et al. Effect of ambient 
temperatures on category C notifiable infectious diarrhea in China: an 
analysis of national surveillance data. Sci Total Environ. 2021;759. https://doi.
org/10.1016/j.scitotenv.2020.143557.

32. Yang Mengya C, Chen X, Zhang Y, Du D, Jiang, et al. Meteorological factors 
affecting infectious diarrhea in different climate zones of China. Int J Environ 
Res Public Health. 2022;19(18):11511.

33. Yang X, Xiong WF, Huang TY, He J. Meteorological and social conditions 
contribute to infectious diarrhea in China. Sci Rep. 2021;11(1). https://doi.
org/10.1038/s41598-021-00932-0.

34. Cawley C, Bergey F, Mehl A, Finckh A, Gilsdorf A. Novel methods in the 
Surveillance of Influenza-Like Illness in Germany using data from a Symptom 

Assessment App (Ada): Observational Case Study. Jmir Public Health Surveil-
lance. 2021;7(11). https://doi.org/10.2196/26523.

35. Guemes A, Ray S, Aboumerhi K, Desjardins MR, Kvit A, et al. A syndromic 
surveillance tool to detect anomalous clusters of COVID-19 symp-
toms in the United States. Sci Rep. 2021;11(1). https://doi.org/10.1038/
s41598-021-84145-5.

36. Sherstinsky A. Fundamentals of recurrent neural network (RNN) and long 
short-term memory (LSTM) network. Phys D-Nonlinear Phenom. 2020;404. 
https://doi.org/10.1016/j.physd.2019.132306.

37. Chae S, Kwon S, Lee D. Predicting Infectious Disease using Deep Learn-
ing and Big Data. Int J Environ Res Public Health. 2018;15(8). https://doi.
org/10.3390/ijerph15081596.

38. Zhang J, Nawata K. A comparative study on predicting influenza outbreaks. 
Biosci Trends. 2017;11(5):533–41. https://doi.org/10.5582/bst.2017.01257.

39. Ben Yahia N, Kandara MD, BenSaoud NB. Integrating models and Fusing 
Data in a Deep Ensemble Learning Method for Predicting Epidemic diseases 
Outbreak. Big Data Res. 2022;27:9. https://doi.org/10.1016/j.bdr.2021.100286.

40. Lee DG, Ahn KH. A stacking ensemble model for hydrological post-process-
ing to improve streamflow forecasts at medium-range timescales over South 
Korea. J Hydrol. 2021;600. https://doi.org/10.1016/j.jhydrol.2021.126681.

41. Querales M, Salas R, Morales Y, Allende-Cid H, Rosas H. A stacking neuro-fuzzy 
framework to forecast runoff from distributed meteorological stations. Appl 
Soft Comput. 2022;118DOI. https://doi.org/10.1016/j.asoc.2022.108535.

42. Dong YC, Zhang HL, Wang C, Zhou XJ. Wind power forecasting based on 
stacking ensemble model, decomposition and intelligent optimization 
algorithm. Neurocomputing 2021;462:169–184.https://doi.org/10.1016/j.
neucom.2021.07.084.

43. Ahmad N, Wali B, Khattak AJ. Heterogeneous ensemble learning for 
enhanced crash forecasts-A frequentist and machine learning based 
stacking framework. J Saf Res. 2023;84:418–34. https://doi.org/10.1016/j.
jsr.2022.12.005.

44. Guo ZY, He K, Xiao D. Early warning of some notifiable infectious diseases in 
China by the artificial neural network. Royal Soc Open Sci. 2020;7(2). https://
doi.org/10.1098/rsos.191420.

45. Zhang YM, Chen K, Weng Y, Chen Z, Zhang JT, et al. An intelligent early warn-
ing system of analyzing Twitter data using machine learning on COVID-19 
surveillance in the US. Expert Syst Appl. 2022;198. https://doi.org/10.1016/j.
eswa.2022.116882.

46. Yang W, Li Z, Lan Y, Wang J, Ma J, et al. A nationwide web-based auto-
mated system for outbreak early detection and rapid response in China. 
Western Pac Surveill Response J. 2011;2(1):10–5. https://doi.org/10.5365/
wpsar.2010.1.1.009.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://doi.org/10.1016/j.asoc.2019.105837
https://doi.org/10.1371/journal.pcbi.1007486
https://doi.org/10.1093/bioinformatics/bty085
https://doi.org/10.1093/bioinformatics/bty085
https://doi.org/10.1016/j.future.2020.12.004
https://doi.org/10.1016/j.future.2020.12.004
https://doi.org/10.1109/jsen.2019.2923982
https://doi.org/10.1109/jsen.2019.2923982
https://doi.org/10.1097/ede.0000000000000654
https://doi.org/10.1097/ede.0000000000000654
https://doi.org/10.1016/j.scitotenv.2020.143557
https://doi.org/10.1016/j.scitotenv.2020.143557
https://doi.org/10.1038/s41598-021-00932-0
https://doi.org/10.1038/s41598-021-00932-0
https://doi.org/10.2196/26523
https://doi.org/10.1038/s41598-021-84145-5
https://doi.org/10.1038/s41598-021-84145-5
https://doi.org/10.1016/j.physd.2019.132306
https://doi.org/10.3390/ijerph15081596
https://doi.org/10.3390/ijerph15081596
https://doi.org/10.5582/bst.2017.01257
https://doi.org/10.1016/j.bdr.2021.100286
https://doi.org/10.1016/j.jhydrol.2021.126681
https://doi.org/10.1016/j.asoc.2022.108535
https://doi.org/10.1016/j.neucom.2021.07.084
https://doi.org/10.1016/j.neucom.2021.07.084
https://doi.org/10.1016/j.jsr.2022.12.005
https://doi.org/10.1016/j.jsr.2022.12.005
https://doi.org/10.1098/rsos.191420
https://doi.org/10.1098/rsos.191420
https://doi.org/10.1016/j.eswa.2022.116882
https://doi.org/10.1016/j.eswa.2022.116882
https://doi.org/10.5365/wpsar.2010.1.1.009
https://doi.org/10.5365/wpsar.2010.1.1.009

	Predicting the incidence of infectious diarrhea with symptom surveillance data using a stacking-based ensembled model
	Abstract
	Background
	Methods
	Data sources
	Model overview
	Model evaluation method and metrics
	Feature selection and model training details

	Results
	Descriptive statistics
	Feature selection and performance of base models
	Prediction performance of stacking

	Discussion
	Conclusions
	References


