
Time Series Analysis of Hemorrhagic Fever with
Renal Syndrome in Mainland China by using
XGBoost Forecasting Model
Cai-Xia Lv 

China Medical University
Shu-Yi An 

Liaoning Provincial Center for Disease Control and Prevention
Bao-Jun Qiao 

Liaoning Provincial Center for Disease Control and Previntion
Wei Wu  (  wuwei@cmu.edu.cn )

China Medical University

Research article

Keywords: Time series analysis, Hemorrhagic fever with renal syndrome (HFRS), XGBoost model, multi-
step prediction

Posted Date: November 23rd, 2020

DOI: https://doi.org/10.21203/rs.3.rs-107730/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Version of Record: A version of this preprint was published at BMC Infectious Diseases on August 19th,
2021. See the published version at https://doi.org/10.1186/s12879-021-06503-y.

https://doi.org/10.21203/rs.3.rs-107730/v1
mailto:wuwei@cmu.edu.cn
https://doi.org/10.21203/rs.3.rs-107730/v1
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1186/s12879-021-06503-y


 1 

Time series analysis of Hemorrhagic fever with renal syndrome in 

mainland China by using XGBoost forecasting model 

 

 

Cai-Xia Lv1, Shu-Yi An2, Bao-Jun Qiao2 and Wei Wu 1* 

1 Department of Epidemiology, School of Public Health, China Medical University, Shenyang, Liaoning, China 

2 Liaoning Provincial Center for Disease Control and Prevention, Shenyang, Liaoning, China 

 

*Correspondence: wuwei@cmu.edu.cn 

 

Email add of all authors: 

Cai-Xia Lv: cxlv@cmu.edu.cn 

Shu-Yi An: shuyian_cdc@163.com 

Bao-Jun Qiao: baojunqiao@yeah.net 

Wei Wu: wuwei@cmu.edu.cn 

Abstract 

Background: Hemorrhagic fever with renal syndrome is still attracting public attention because 

of its outbreak in various cities in China. It is one of the effective preventive measures to predict 

the peak incidence rate in the future based on the past incidence data, and implement targeted 

actions. In this study, we propose a multi-step prediction strategy based on XGBoost for 

hemorrhagic fever with renal syndrome as an extension of the one-step prediction model. 

Moreover, the fitting and prediction accuracy of XGBoost model will be compared with seasonal 
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ARIMA model by different evaluation indicators.  

Methods: We collected monthly hemorrhagic fever with renal syndrome incidence data from 2004 

to 2018 in mainland China .The part from 2004 to 2017 was divided as training set to establish the 

seasonal ARIMA model and XGBoost model. The rest 2018 data was used to test the prediction 

outcomes. In multi-step forecasting XGBoost model, one-hot encoding was used to handle 

seasonal features. Furthermore, series of evaluation index(MAE,MPE,MAPE,RMSE,MASE, 

ACF1, Theil’s U) were performed to evaluate the accuracy of multi-step forecast XGBoost model. 

Results: There were totally 200237 HFRS cases in China from 2004 to 2018. A slightly long-term 

downward trend and obvious bimodal peak seasonal character were identified in the original time 

series. According to the minimum CAIC value, the optimal ARIMA (3,1,0) × (1,1,0)12 model is 

selected. the ME , MAE, MPE, MAPE, MASE of XGBoost were higher than ARIMA model in 

the fitting part, whereas the RMSE of XGBoost was lower. The evaluation indicators (MAE, MPE, 

MAPE, RMSE , MASE) of the one-step prediction and multi-step prediction XGBoost model are 

all notably lower than the ARIMA model in prediction performance.  

Conclusions: The multi-step prediction XGBoost model showed a much better prediction 

accuracy and model stability in HFRS disease . In general, compared to the seasonal ARIMA 

model, the XGBoost model performs better when predicting complicated and non-linear data like 

Hemorrhagic fever with renal syndrome. Additionally Multi-step prediction models are more 

practical than one-step prediction in forecasting infectious diseases. 

 

Keywords: Time series analysis, Hemorrhagic fever with renal syndrome (HFRS), XGBoost 

model, multi-step prediction. 
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Background 

Epidemic hemorrhagic fever is a zoonotic disease caused by Hantavirus with a high degree of 

harm to humans. In recent years, although HFRS has shown an overall downward trend in 

mainland China [1], it is still severe in some regions, such as Heilongjiang, Liaoning, Jilin, 

Shandong, Shanxi and Hebei [2]. It is worth noting that the rodent epidemic area has a tendency to 

spread towards cities. Hantavirus is carried and spread by rodents. Humans can be infectious by 

inhaling the rodent polluted dust aerosol, spreading through mucous membranes and damaged 

skin when contacted with mouse Pollutants and mite bites, etc.[3-5]. The clinical symptoms of 

HFRS are mainly characterized by fever, hemorrhage and kidney damage. Additionally, the 

incubation period is 4 to 46 days [6]. HFRS can lead to death if the patient cannot be treated in 

time. We need to know that the Chinese Center for Disease Control and Prevention (CDC) 

constructed the HFRS surveillance system in 2004 and HFRS was classified as a class II 

infectious disease which ensures the surveillance data more accurate, timeliness and 

comprehensive [7]. Although the government and health departments have taken on a lot of 

control measures, such as actively rodents control, carry out vaccination, implement health 

education, and environmental management of the epidemic area, etc., HFRS still severely affects 

people health and property safety with approximately 9000–30000 number of cases annually in 

China [8].  

In order to delineate the changing trend of the incidence of infectious diseases, domestic and 

foreign researchers have applied various statistical and mathematical models to the prediction of 

infectious diseases, such as random forest [9], gradient boosted regression tree algorithm (GBM) 

[10] and support vector machines [11], which provided people better approach to explain the 
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epidemic trend of infectious disease and warn the medical department to take corresponding 

measures in advance. At present, some models had been used in predicting HFRS, including 

neural networks [12], and general addictive model (GAM), etc.[13]. Most of these methods are 

based on one-step forecasting. Autoregressive Integrated Moving Average (ARIMA) model is a 

fundamental method in time series which regress the lag value of the time series and random items 

to build a model and have been applied in many fields [14]. Though ARIMA model can capture 

the linear characteristic of infectious disease series well, some information may be lost when it 

analyzes the non-linear part [15] .XGBoost is a boosting algorithm based on the evolution of 

AdaBoost and GBDT algorithm, which has achieved remarkable results in practical applications 

due to its high model accuracy, fast running speed, and unique information processing [16]. 

Compared with traditional statistical models, it has advantages in predicting non-linear, 

complicated and uncertain data [17-21]. Previous studies usually applied one-step predictive 

statistical models to characterize and predict epidemic trends of infectious disease. Currently, no 

researchers have used XGBoost to forecast infectious disease like Hemorrhagic fever with renal 

syndrome (HFRS). 

In this work, we aim to develop XGBoost models for HFRS in mainland China. Meanwhile, the 

fitted and forecasted accuracy of the one-step and multi-step XGBoost models were compared 

with ARIMA model. 

Methods  

Data collection 

We collected the monthly HFRS incidence data from 2004 to 2018 on the official website of 

National Health Commission of the People’s Republic of China. The HFRS data was divided into 
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two parts: the data from 2004 to 2017 was used training set is used from 2004-2017 to build a 

fitting model, and the 2018 test set is used to predict and test the forecast results. 

ARIMA model 

ARIMA model is a time series forecasting method ,first proposed by Box and Jenkins in 1976 

[22] .The principle of ARIMA model is adopting appropriate data conversion to transform 

non-stationary time series into stationary one, then adjust the parameters to find the optimal model. 

Finally, quantitatively describing and simulating the changes of the time series to reveal the 

relationship between the past trend and the future of the time series [14] [23]. According to 

complexity, The seasonal ARIMA(p,d,q)×(P,D,Q)s model was divided into additive model and 

multiplicative model. The specific procedures for establishing the seasonal ARIMA model are as 

follows: first, we performed BoxCox transformation to smooth the variance of the original HFRS 

time series. Simultaneously, long-term trends and seasonal differences were stabilized through a 

first-order differences and seasonal differences. Then preliminarily judge the possible parameter 

values of the ARIMA model based on the truncation and tailing properties of the ACF and PACF 

diagrams. The pros and cons of the model fitting was evaluated by the CAIC value and the 

optimal model was selected with the smallest CAIC value. After the order of specific parameters 

was determined, a necessary parameter test was performed through the maximum likelihood 

estimation (MLE). Finally Ljung-Box judges whether the residual sequence is white noise or not. 

Building eXtreme gradient boosting (XGBoost) model 

XGBoost, a kind of Boosting algorithm, which is a project built by Dr. Chen Tianqi from the 

University of Washington in 2014 [16] and shines in many fields. XGBoost combines many weak 

learners with low classification performance into a strong learner with high accuracy. Compared 
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with traditional GBDT, XGBoost applies a second-order Taylor expansion on the loss function, 

and simultaneous implements the first derivative and the second derivative. In addition, a 

regularization term is added to the objective function, which improves the generalization ability of 

a single tree and reduces the complexity of the objective function. In a short, XGBoost become 

attractive to researchers due to its fast running speed, excellent classification effect, and allowing 

custom loss functions.  

CART (Classification And Regression Tree) algorithm, first proposed by Breiman et al, refers to 

the general term of the following two trees: classification tree and regression tree. The CART 

classification tree introduces Gini coefficient to replace information gain or information gain rate. 

Whereas the regression tree adopts different methods to evaluate the effect, including prediction 

error (mean square error, Log error etc.). Therefor the node is no longer a category, but a 

numerical value. In a CART regression tree, for any feature j, there is a corresponding segment 

point s .If the character j is less than s, it is divided into left subtree. Otherwise, it is divided into 

the right tree. 

𝑅1(𝑗, 𝑠) = {𝑥|𝑥(𝑗) ≤ 𝑠} 𝑎𝑛𝑑 𝑅2(𝑗, 𝑠) = {𝑥|𝑥(𝑗) > 𝑠}             ⑴ 

The objective function of typical CART regression tree is (2): 

∑ (𝑦𝑖 − 𝑓(𝑥𝑖))2𝑥𝑖∈𝑅𝑚               ⑵ 

As shown formula (3), find the corresponding j and s that minimize the mean square error of c1 

and c2 respectively and minimize the sum of the mean square error between the two parts of c1 

and c2. When we traverse all the segment point s of all features j, we can find the optimal j and s, 

and finally get a regression tree.  
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minj,s [ minxi∈R1(j,s)(yi − c1)2 + minxi∈R1 (j,s)(yi − c2)2]      ⑶ 

 ĉ1 = ave (yi ∣ xi ∈ R1(j, s)) 

ĉ2 = ave (yi ∣ xi ∈ R2(j, s)) ⑷ 

The CART regression tree applies the mean or median of the final leaves to predict the output. 

In order to avoid over-fitting, CCP (cost complexity) is used to prune the non-leaf node with the 

smallest error gain, and delete the child nodes of the non-leaf node. 

The idea of XGBoost is mainly composed of two parts: Decision Tree algorithm and Gradient 

Boosting algorithm. Gradient boosting is one of the excellent techniques for constructing 

prediction models, and also a representative algorithm for Boosting. The theory of boosting is to 

establish weak evaluators individually and iteratively integrate multiple weak evaluators. The 

gradient boosting tree used CART tree algorithm (regression trees and classification trees) as the 

main structure.so the steps of the XGBoost algorithm can be expressed as follows(5):  

ŷ = ϕ(xi) = ∑  Kk=1 fk(xi)              ⑸ 

In the XGBoost model, every leaf node has a forecasting score, called leaf weight. 𝑓𝑘(𝑥𝑖) is the 

value of all samples on this leaf node, where 𝑓𝑘 represents the 𝑘 decision tree, 𝑥𝑖 represents the 

feature vector of the sample 𝑖. Then adding each tree iteratively to keep the predicted value �̂�𝑖 as 

close as possible to the actual value yi. Therefore, so t iterations make the following function reach 

the minimum: 

𝑂bj(t) = ∑  ni=1 l (yi, ŷi(t−1) + ft(xi)) + Ω(ft) +  constant      ⑹ 

As shown in formula (6), the objective function consists of two parts: loss function and 

regularization term. The loss function assesses the forecasting function of XGBoost model on the 

training data, and the regular term   Ω(𝑓𝑡) prevents the model from being too complicated. 
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�̂�(𝑡−1) is the predicted value of last iteration, ft is a new function which the model learns. Next, a 

second-order Taylor development on the error term was performed on the objective function, and 

defining the first derivative and the second derivative as following: 

Obj(t) ≃ ∑  ni=1 [l (yi, ŷi(t−1)) + gift(xi) + 12 hift2(xi)] + Ω(ft) +  constant      ⑺ 

gi = ∂ŷ(t−1)l(yi, ŷ(t−1))hi = ∂ŷ(t−1)2 l(yi, ŷ(t−1))     ⑻ 

First we define the mapping function of the decision tree: q indicates the structure of the tree, and 

w is leaf node weight vector (the model prediction value of the sample). 

𝑓𝑡(𝑥) = 𝑤𝑞(𝑥), 𝑤 ∈ 𝐑𝑇 , 𝑞: 𝐑𝑑 → {1,2, ⋯ , 𝑇}     ⑼ 

Then, the complexity of the XGBoost tree was shown in (10). T is the quantity complexity of leaf 

nodes in the tree, the sum of squares term represents the L2 regular term of the leaf node. 

Ω(𝑓𝑡) = 𝛾𝑇 + 12 𝜆 ∑  𝑇𝑗=1 𝑤𝑗2     ⑽ 

After combining the defined loss function and complexity of the tree, the objective function can be 

expressed by formula (13).  

𝑂𝑏𝑗(𝑡) = ∑  𝑇𝑗=1 [(∑  𝑖∈𝐼𝑗 𝑔𝑖) 𝑤𝑗 + 12 (∑  𝑖∈𝐼𝑗 ℎ𝑖 + 𝜆) 𝑤𝑗2] + 𝛾𝑇     ⑾ 

𝐺𝑗 = ∑  𝑖∈𝐼𝑗 𝑔𝑖𝐻𝑗 = ∑  𝑖∈𝐼𝑗 ℎ𝑖     ⑿ 

𝑂𝑏𝑗 = − 12 ∑  𝑇𝑗=1 𝐺𝑗2𝐻𝑗+𝜆 + 𝛾𝑇     ⒀ 

Because it is not possible to traverse all tree structures, constructing a decision tree based on space 

division is an NP problem. XGBoost uses a greedy algorithm to traverse the segmentation points 

of all features in the CART regression tree, and calculates the gain before and after the 

segmentation point to determine whether a node continues to grow. The node will split when the 

value of the objective function after splitting is higher than the Gain of the single-leaf node. At the 
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same time, the maximum depth of tree and a threshold should be set to limit it growth. The Gain 

formula shown as (14): 

Gain = 12 [ 𝐺𝐿2𝐻𝐿+𝜆 + 𝐺𝑅2𝐻𝑅+𝜆 − (𝐺𝐿+𝐺𝑅)2𝐻𝐿+𝐻𝑅+𝜆] − 𝛾     ⒁ 

One-hot-encode is used to deal the character of season. And there are three type parameters 

should be set when building XGBoost model: general parameters, booster parameters and task 

parameters. The XGBoost model also draws on the idea of random forest, introduced row 

sampling and column sampling, which reduces the amount of calculation while preventing 

overfitting. Meanwhile it introduces the early-stopping mechanism to prevent overfitting. In this 

study, booster parameter is gbtree ,early_stopping_rounds was set 5, subsample and 

colsample_bytree was set from 0.3 to 0.7 , max_depth was set 2 and 3, min_child set as 1 and 2, , 

the learning rates of XGBoost were set to 0.04,0.05 and 0.06，eval_metric='rmse'.Grid search was 

conducted to exhaustively search for specified parameter values when possible values of 

parameter were ordered and combined. Notably, the performance of the XGBoost is evaluated by 

tenfold cross-validation and RMSE. Additionally XGBoost can rank the importance of variables 

by the frequency functions used to split the feature. After XGBoost was building, the accuracy of 

one-step forecast and multi-step forecast were compared by RMSE, MAE and MAPE, etc.  

One step forecast and multi-step forecast 

Generally one step time series forecasting refers to utilizing previous actual data, such as t-n, 

t-(n-1) and data at time t to predict the value at time t+1 in the next step. In contrast when 

performing multi-step prediction, first perform a single-step prediction, and use the predicted 

value (instead of actual value) as an input variable for the second step of prediction. Finally, iterate 

repeatedly until all the predicted values are obtained.[24, 25]. There are four multi-step forecasting 
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strategies: direct forecasting and recursive forecasting, direct recursive hybrid forecasting and 

multi-output forecasting. One-step forecasting has better accuracy, but it will prevent model from 

really simulating the trends of next month. However, when the forecast cycle is long, multi-step 

forecast is prone to face larger error accumulation. For the forecasted value is used as input, 

inevitably the error will accumulate with the input value to the next step. In this study, ARIMA 

and XGBoost one-step forecasting and multi-step forecasting were carried out respectively. ME, 

RMSE, MAE MPE, MAPE MASE, ACF1, Thei's U are used to evaluate the accuracy and stability 

of these models. 

Model comparison and Data analysis 

Model evaluation and comparison are mainly judged by the accuracy of the model. Accuracy 

refers to the degree to which the predicted result matches the actual result, so the error can be used 

to evaluate the accuracy of the model prediction. The smaller the error, the better the fitting effect. 

Model evaluation generally includes two parts: training sample evaluation and prediction sample 

evaluation. To better compare the accuracy of ARIMA model and XGBoost model, a series 

evaluation index were applied in this study. ME: mean error, RMSE: root mean squared error, 

MAE: mean absolute error, MPE: mean percentage error, MAPE: mean absolute percentage error, 

MASE: mean absolute scaled error and ACF1: autocorrelation of errors at lag 1. Generally, the 

larger the criterions are, the greater the error size is. Theil’s U statistic measures the accuracy by 

comparing the predicted results with least data prediction result.  It tends to put more weight to 

large errors by square the deviations and overstating errors, which can help eliminate methods 

with large errors. When Theil’s U <1, it means the prediction is better than expectation. 
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The HFRS data analysis process was completed by R software version 3.6.2. all packages like 

TSstudio, Forecast, tseries, dplyr, plotly, grid Extra, xgboost, etc. were libraried to achieve 

different functions. In addition, we set the statistical significance level at 0.05.  

Results 

ARIMA model  

There were totally 200237 cases of HFRS from 2004 to 2018 in mainland China. As shown in Fig 

1, the original time series graph shows a slight downward trend and seasonal variation. HFRS 

cases are has two incidence peak in all year（Fig 2）, one from November to January of the 

following year, and the other from March to June, which means the time series was not stationary. 

Therefore, logarithmic or square root conversion were used to transform the time series variance. 

The time series fallen apart diagram after BoxCox conversion is shown in Fig 3. The small gray 

blocks of different sizes show the proportion of each component. The additive time series 

decompositions transformed by BoxCox are arranged in order of magnitude, including original 

data, season, trend and noise element. Seasonal component shows an obvious periodicity, while 

the trend shows an overall downward tendency from 2004 to 2010 but ascents briefly in 

2010-2013. In addition, there is no noticeable form of noise. 

 

Fig. 1 Time series plot for cases of HFRS in mainland china from January 2004 to December 2018 

 

Fig.2 Monthly chart of HFRS cases from 2004 to 2017 

 

Fig.3 Seasonal decomposition of the BoxCox transformed HFRS cases 
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In order to eliminate seasonal characteristics and long-term trends in time series, first difference 

(d=1) and seasonal difference (D=1) were used (Fig.4). The ADF test demonstrates that the time 

series after the difference is stable ( t =-6.4674, p<0.01).Consequently ,from d = 1 and s = 12, the 

seasonal ARIMA model can be preliminarily framed as ARIMA (p,1,q)×(P,1,Q)12. 

 

Fig.4 Plot of the BoxCox transformed HFRS cases  

 

Fig.5 Autocorrelation and partial autocorrelation plots of differenced HFRS incidence series 

 

As can be seen in the graphs of ACF and PACF in Fig 5. The ACF has obvious peaks at lags 3 

and 12, indicating respectively non-seasonal MA (3) components and seasonal MA (1) 

components. Besides, in the PACF graph, the obvious lag peaks at 3 and 12 indicate a 

non-seasonal AR (3) element and seasonal AR (1) element. Therefore, the parameters are set as 

following: p as 0 to 3, q as 0 to 3, P as 0 to 1, and Q as 0 to 1. By assembling all possible value 

each parameter, multiple candidate models will be generated. Nine models remained after the 

residual and parameter test is implemented, and the ARIMA (3,1,0) × (1,1,0)12 had the smallest 

CAIC (427.1528) (Table 1). The Ljung–Box test (Q = 7.5588, p = 0.9944) proves that the 

sequence residual is white noise, which means the final fitted data sequence is stationary, random 

and uncorrelated. The estimated parameters of the ARIMA (3,1,0) × (1,1,0)12 is listed in Table 2, 
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it illustrated the time sequence of HFRS was not linear. The curves of training, forecasting and the 

actual HFRS incidence by ARIMA model are pictured as Fig 6. 

 

Table 1 CAIC value and Ljung-Box Q value of candidate seasonal ARIMA models 

 

Table 2 Estimate parameters of the seasonal ARIMA (3,1,0) × (1,1,0)12 model 

 

XGBoost model 

Grid search algorithm was used in XGBoost model to realize automatic optimization of 

parameters. In this research, we realized automatic optimization of max_depth, n_estimators and 

min_child_weight. According to Grid search and tenfold cross-validation, the possible parameters 

were showing in table 3. Among all six combined parameters, the first has a lowest test RMSE 

(238.3084). The importance of a feature relies on how the forecasting capability change 

significantly when the current feature is replaced by random noise. In the XGBoost algorithm, we 

input several features to calculate feature importance and get how each feature contributes to the 

prediction performance in the training course (Fig 6). It can be seen that characteristic variables 

such as x_lag12, x_lag1 have a significant impact on the prediction of HFRS cases. Finally, based 

on the hyper parameter optimization results, the final one-step forecasting model is learned on the 

training set. 

 

Table3 The possible parameters of XGBoost model 
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Table 4 Main parameters list and description of XGBoost model.  

 

Table 5 the one-step and multi-step forecasting accuracy of ARIMA and XGBoost model 

 

Comparison of the models 

Table 5 shows the one-step and multi-step forecasting accuracy of two models. In the training 

sample, the ME, MAE, MAPE, MPE, MASE of XGBoost were higher than ARIMA model, 

whereas the RMSE of XGBoost was lower in ARIMA model. In the sample of test, ME, RMSE, 

MAE, MPE, MAPE, MASE of XGBoost model were obviously lower than ARIMA model both in 

one-step forecasting and multi-step forecasting. Therefore, the XGBoost model had a better 

forecasting performance in prediction of HFRS disease.  

 

Fig 6 Importance of XGBoost characteristic variables 

 

Fig 7 The curves of ARIMA trained, forecasted and the actual HFRS incidence series 

 

Fig 8 The curves of XGBoost trained, forecasted and the actual HFRS incidence series 

 

Discussion  
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The results of this article showed the incidence of HFRS in mainland China has obvious seasonal 

periodicity. The main incidence peaks are concentrated from October to January of the following 

year, especially in November. The second peak of incidence occurs from March to June. The 

overall shape is bimodal peak. This bimodal incidence trend is consistent with the distribution of 

HFRS reported in other literature [2] . In addition, the incidence of HFRS in mainland China from 

2004 to 2018 showed an overall downward trend, but there was a clear upward trend in 2010 and 

continued until 2013. It may be related to climate factors, the number of rodents in the wild, and 

the accumulation speed of susceptible people.  

Therefore, understanding the changing trend of HFRS is particularly important for exploring the 

pathogenic factors. And it is also crucial for predicting epidemics, formulating corresponding 

preventive and early warning measures.  

The accuracy of infectious disease forecasting has drawn the attention of a number of scholars. 

Many mathematical methods and statistical models had applied to predict HFRS, the ARIMA 

model is the most frequently used and is often applied as a basic model for comparison with other 

models. The seasonal ARIMA model can extract the seasonal characteristics which cannot be 

captured by ARIMA model. According to the characteristics of infectious diseases, we can 

decompose the time series of infectious diseases into trend components, seasonal components and 

random fluctuation components. In other words, when forecasting, the ARIMA model only 

considers historical data to understand the disease trend and obtain a more accurate prediction 

effect instead of requiring specifically influencing factors. Therefore, ARIMA method is easy to 

master and widely used. Based on the collection of national hemorrhagic fever data, this study 

used the monthly incidence data of HFRS from 2004 to 2017 establishing a seasonal ARIMA 



 16 

model. The results showed that ARIMA (3, 1, 0) × (1, 1, 0)12 can better fit and predict the 

monthly incidence. As showed in fitted and forecasted diagram, the seasonal ARIMA model can 

precisely sort out the seasonal fluctuation of HFRS cases. However, the fitting effect is not perfect 

when the disease trend changes suddenly. For example, the error between the fitted value and the 

actual value in May 2010 and 2013 is relatively large, that may impact the forecast performance

（Fig 7）. The reason may be that the ARIMA model can extract time series information to a large 

extent, but in principle it still is a linear model, non-linear and complex infectious disease time 

series data bring limitations to seasonal ARIMA model.  

From studies in other fields, the XGBoost model performs well in predicting nonlinear time 

series [26-29]. By integrating multiple CART trees, the XGBoost model can acquire a better 

generalization performance than single one. It means XGBoost has a larger post-pruning penalty 

than GBDT (Gradient Boosting Decision Tree), which makes the learned model less prone to 

overfitting. Meanwhile, the ability to cross-validate and automatically search for important feature 

vectors overcomes the shortcomings of ARIMA in selecting parameters relied on the researchers’ 

experience. With these excellent characteristics, our study applied it in prediction of the incidence 

of HFRS disease. We tried one-step forecasting and multi-step forecasting XGBoost models to 

predict HFRS cases in mainland China. The results showed that the overall trend predicted by the 

XGBoost model is basically consistent with the actual situation, but the fitting effect for the 

sudden outbreak (or peak) of the disease is not good enough, and the error between the fitted and 

the actual value is large (Fig 8). The possible reason is that the XGBoost fit poorly for large values, 

but fit better for small values in this study. The MAE of one-step and multi-step XGBoost model 

are 132.055, and 173.403 respectively, which is 28.76% and 33.27% lower than the ARIMA 
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model. The MAPE are 12.353, and 15.615, which has improved 33.45% and 48.16% than 

individual ARIMA model. The RMSE of them are 178.547 and 223.187, which has improved 

28.37% and 26.29% than individual ARIMA model.  

As predicted, the one-step prediction accuracy of the two models is better than the multi-step 

prediction. From the perspective of predicting infectious diseases, each predicted value of one-step 

prediction is obtained from the actual value, it is unrealistic for predicting diseases that have not 

occurred. Multi-step prediction uses the previous prediction value as input to predict the next 

value, which will produce cumulative errors, but it has practical significance for predicting 

infectious diseases that have not occurred. The results indicate that the proposed one-step and 

multi-step XGBoost model can improve the accuracy of overall prediction significantly. The value 

of Theil’s U also proved this. From the perspective of prediction accuracy and prediction stability, 

the XGBoost model is suitable for prediction tasks of HFRS. In other words, by integrating the 

prediction results of multiple regression trees, the XGBoost model can achieve better prediction 

results than the ARIMA model in the one-step forecasting and multi-step forecasting. 

Conclusions 

In this paper, we build a seasonal ARIMA model and XGBoost model to conduct one-step and 

multi-step prediction of HFRS cases in mainland China from 2004 to 2018. The multi-step 

forecast XGBoost model has better accuracy, and has a practical significance for predicting 

infectious diseases that have not occurred than one-step forecasting model, such as hemorrhagic 

fever in renal syndrome cases. 
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Figures

Figure 1

Time series plot for cases of HFRS in mainland china from January 2004 to December 2018



Figure 2

Monthly chart of HFRS cases from 2004 to 2017



Figure 3

Seasonal decomposition of the BoxCox transformed HFRS cases



Figure 4

Plot of the BoxCox transformed HFRS cases



Figure 5

Autocorrelation and partial autocorrelation plots of differenced HFRS incidence series



Figure 6

Importance of XGBoost characteristic variables

Figure 7

The curves of ARIMA trained, forecasted and the actual HFRS incidence series



Figure 8

The curves of XGBoost trained, forecasted and the actual HFRS incidence series


