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          Abstract:  

Background: Varicella remains a public health concern in Xuzhou, China, with documented seasonal 

patterns and declining incidence from 2018–2023. Accurate forecasting is critical for resource allocation.   

Methods: Monthly varicella cases (January 2018–December 2023) from China’s Disease Surveillance 

System were analyzed. A seasonal ARIMA model (ARIMA(p,d,q)(P,D,Q)₁₂) was developed using 2018–

2023 data, with 2024 data for validation. Model selection criteria included Stationary R², Normalized BIC, 

and RMSE. Residual diagnostics involved Ljung-Box testing.   

Results: Among 23,690 cases (2018–2023), incidence declined by 64.5% (peak: 5,718 cases in 2019; nadir: 

2,027 cases in 2023), exhibiting bimodal seasonality (primary peak: October–January; secondary: May–

August). ARIMA(2,0,0)(0,1,0)₁₂ demonstrated optimal fit (Stationary R²=0.813, Normalized BIC=9.693; all 

parameters p<0.001; residuals white noise, Ljung-Box p=0.210). Validation revealed systematic 

underprediction in spring (February–April: +81.97% to +79.03%) but alignment in May–December.   

Conclusion: The ARIMA(2,0,0)(0,1,0)₁₂ model reliably forecasts varicella trends but underestimates spring 

incidence. Seasonal adjustments and real-time surveillance integration may enhance accuracy.   

Keywords: Varicella; Autoregressive moving average model; Forecasting; Disease surveillance; 

China 

Introduction 

Varicella is an acute infectious disease caused by 

the varicella-zoster virus (VZV), a double-stranded 

DNA herpesvirus. VZV demonstrates strict human 

host specificity, transmitted primarily through 

respiratory droplets or direct contact with infected 

respiratory secretions and vesicular fluid. The 10–

21 day incubation period is characterized by 

contagiousness extending from 1–2 days pre-rash 

onset until complete lesion crusting (1,2). 

Clinical progression begins with prodromal 

symptoms (low-grade fever, fatigue) followed by 

pathognomonic mucocutaneous lesions. The 

centripetally distributed rash progresses through 

four synchronous stages—macules (2–5 mm 

erythema), papules, vesicles, and crusts—a 

diagnostic hallmark of varicella (1,3,4). While 

pediatric cases typically present with 200–500 

cutaneous lesions, immunocompromised patients 

and adults exhibit severe manifestations (>500 

lesions) with elevated risks of pneumonia (1–4%), 

encephalitis (0.1–0.2%), and secondary bacterial 

infections (1,3). 

Chickenpox can cause serious complications such 

as encephalitis, pneumonia, and even death（2,3,4

）.In 2019, an estimated 14.5 million children 

globally remained unvaccinated, with 80% residing 

in low- and middle-income countries (LMICs). 

Unvaccinated children exhibited a 6–8-fold higher 

risk of mortality from vaccine-preventable diseases 

compared to their vaccinated peers. During the 

same year, 83.96 million chickenpox cases were 
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reported worldwide, resulting in 14,553 deaths—

80% of which occurred among unvaccinated 

individuals(6,7,8). 

Since 2005, varicella has been included in China’s 

disease surveillance system, with the annual 

incidence rising from 3.17/100,000 in 2005 to 

70.14/100,000 in 2019 (9,10). Regional data show 

higher incidence in eastern coastal provinces (e.g., 

Jiangsu, Zhejiang), attributed to high population 

density and school-based cluster transmission (11). 

Xuzhou, a central city in the Huaihai Economic 

Zone (population >9 million), reported 28,977 cases 

during 2016–2023, with an average annual 

incidence of 68.3/100,000—significantly higher 

than the national average. 

The economic impact includes direct medical costs 

and productivity losses. A study in the United 

States shows that the median direct medical cost of 

chickenpox cases is about $400, and the median 

indirect cost (such as lost work and care) is about 

$600 (12). In China, outpatient cases incur total 

costs of 1,552 RMB (median), with indirect costs 

2.06-fold higher than direct expenses. Vaccinated 

individuals show reduced costs and school 

absenteeism (7.50 days vs. unvaccinated, 

P<0.05)(13,14). 

Since 2019, many Chinese provinces have included 

the varicella vaccine in non-immunization program 

schedules, but  the 1-dose coverage rate remained 

67.1% (65.4–68.8) in 2019 (15). Only a few 

provinces recommend a 2-dose schedule as part of 

expanded immunization, with a 55.3% coverage 

rate—insufficient to form a herd immunity 

barrier(16). In 2019, varicella was the third most 

reported vaccine-preventable disease in China, after 

tuberculosis and influenza (17). 

Accurate prediction of varicella incidence trends is 

critical for evidence-based prevention strategies. 

The ARIMA model effectively analyzes non-

stationary time-series data (e.g., log-transformed 

incidence) by decomposing trends, seasonality, and 

cyclical patterns(18). Its superiority over 

conventional regression in handling autocorrelation 

makes it ideal for epidemiological forecasting(19). 

Proven in predicting prostate cancer(20), 

Alzheimer’s mortality(21), and COVID-19 

impacts(23), influenza(24)and other diseases, 

ARIMA supports public health decision-making. 

This study uses the ARIMA model to analyze 

logarithm-transformed annual varicella incidence 

data from Xuzhou (2015–2023), reserving 2024 

data for validation. The goals are to: 1) characterize 

long-term trends, seasonal patterns, and cyclical 

dynamics; 2) forecast 2024 epidemiological 

features; 3) provide data to inform targeted 

vaccination strategies and optimize healthcare 

resource allocation for Xuzhou’s varicella control. 

Materials and Methods 

Data Source: Data on varicella from January 1, 

2018, to December 31, 2024, with audit status 

marked as "final review completed" and case 

classification including "laboratory-confirmed 

cases" and "clinically diagnosed cases" were 

included. All information involving case privacy 

was strictly encrypted during the analysis. Monthly 

varicella reported cases from 2018 to 2024 were 

obtained from the China Disease Surveillance 

Information Reporting Management System 

(statistics by onset date). We used the monthly 

varicella cases from 2018 to 2023 to construct the 

model, while the 2024 monthly data was employed 

to validate the model and generate predictions. 

Principle of the ARIMA Model 

The ARIMA (autoregressive integrated moving 

average model), proposed by Box and Jenkins in 

the 1970s, is a classic time-series forecasting 

model, also known as the Box-Jenkins model. Its 

core idea is to treat the sequence formed by the 

prediction object's changes over time as a random 

sequence, using the past and present values of the 

sequence to predict future values. 

The basic structure of ARIMA: ARIMA (p, d, q) 

(P, D, Q) s, where p and q denote the order of 

autocorrelation function (ACF) and partial 

autocorrelation function (PACF), d and D represent 

the order of ordinary difference and seasonal 

difference, P and Q indicate the order of seasonal 

autocorrelation function and partial autocorrelation 

function, and s represents the seasonal period. This 

article uses monthly data with s =12. 

Establishment of the ARIMA Model 

Stationarity of Sequences 

Firstly, the time units of the monthly incidence 

series of chickenpox in Xuzhou City from 2018 to 

2023 were defined as year, quarter, and month 

variables using the "Define Dates" feature in SPSS 

software, starting from January of the first quarter 

of 2018. Then draw a time series chart, observe the 

stationarity of the time series, and transform the 
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data into a zero-mean, non-trending stationary 

series. 

Model Identification 

From the time series chart, it can be seen that there 

is no periodic variation of year and month in this 

time series. An ARIMA (p, d, q) model should be 

constructed, and the model parameters p, d, q 

should be determined by analyzing the 

autocorrelation function (ACF) and partial 

autocorrelation function (PACF) of the sequence. 

Model Diagnosis 

Construct an ARIMA (p, d, q) model based on the 

preliminarily determined parameters. Model 

goodness-of-fit test: The residual sequence's ACF 

and PACF values should not be statistically 

different from 0 and should fall within the 95% 

confidence interval. Using the Box-Ljung statistic 

to test shows if this difference is statistically 

significant. A non-significant result indicates the 

residuals are random and constitute white noise. 

Otherwise, it suggests information remains 

unextracted, requiring model improvement. In 

practical work, model diagnosis is a gradual 

improvement process. To enhance prediction 

accuracy, multiple time series models may be 

established, with selection based on indicators like 

Coefficient of determination (R-squared, R
2
), 

Normal Bayesian Information Criterion (NBIC), 

and Root Mean Square Error (RMSE). Better fit is 

indicated by R
2
 closer to 1, and smaller NBIC and 

RMSE values. 

Model Prediction 

The optimal ARIMA model passing diagnostic tests 

is used to calculate fitted values for historical data 

(2018–2023) to evaluate within-sample 

performance. The model is used to predict varicella 

incidence for future periods (2024 for model 

validation). 

3. Statistical Analysis 

The WPS software was used to establish a varicella 

incidence database for Xuzhou City, and SPSS 26.0 

was used for statistical analysis. An ARIMA model 

was constructed based on varicella incidence data 

from 2018 to 2023 to predict the 12-month 

incidence for 2024. The actual reported data for 

2024 were compared with model predictions to 

estimate the magnitude of incidence changes and 

their 95% confidence intervals (CIs), calculated 

using the Wilson method. The percentage change in 

incidence was calculated as: (Reported incidence − 

Predicted incidence)/Predicted incidence × 100%. 

A two-sided test was performed with a significance 

level of α = 0.05. 

Results 

1. Epidemiological Characteristics and Trend 

Analysis: From 2018 to 2023, a total of 23,690 

cases of varicella (chickenpox) were reported in 

Xuzhou City. The overall trend showed a 

significant decline: incidence peaked in 2019 

(5,718 cases) and fell to its lowest point in 2023 

(2,027 cases), representing a 64.5% decrease (Table 

1). The gap between peak and trough incidence 

levels remained relatively stable, indicating a 

discernible cyclical pattern (Figure 1). Further 

seasonal decomposition analysis revealed distinct 

bimodal peaks in varicella incidence: the primary 

peak consistently occurred between October and 

January of the following year, while a secondary 

peak appeared annually from May to August. This 

pronounced seasonality demonstrates that the time 

series data are non-stationary (Figure 2). 
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Figure 1.  Original Time-Series Graph of Reported Varicella Cases in Xuzhou City, 2018-2023 

 

 
 

Figure 2.  Seasonal effect Graph of Reported Varicella Cases in Xuzhou City, 2018-2023 

 

2. ARIMA Construction: 

(1) Data Preprocessing: After applying both regular 

differencing (lag 0) and seasonal differencing (lag 

1) to the original time series to remove trend and 

seasonal effects, the transformed series exhibits 

minor fluctuations around zero (Figure 3). This 

suggests the differenced series can be considered 

stationary. Further examination of the 

Autocorrelation Function (ACF) and Partial 

Autocorrelation Function (PACF) plots derived 

from the differenced series (regular and seasonal) 

shows that the ACF decays rapidly. This behavior, 

combined with the observed 12-period cycle, 

indicates characteristics consistent with a stationary 

series (Figure 4). 
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Figure 3 The sequence following initial ordinary and seasonal first-order differences. 

 

(２)Model identification followed Box-Jenkins 

methodology. The differenced series (d=0, D=1) 

met stationarity requirements (Figure 3). 

ACF/PACF analysis (Figure 4) suggested AR(2) 

structure (p=2, q=0) for non-seasonal components. 

Seasonal orders (P, Q) were evaluated across {0,1} 

via AIC comparison, yielding three candidate 

SARIMA models. 
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Figure 4 Diagrams of varicella cases in Xuzhou from 2018 to 2024 after first-order differencing and 

seasonal differencing. (A) ACF; (B) PACF. Abbreviation: ACF=autocorrelation function; 

PACF=partial autocorrelation function. 

 

(3) Model Selection and Validation: The 

SARIMA(2,0,0)(0,1,0)₁₂ model demonstrated 

optimal fit. Diagnostic testing confirmed statistical 

significance across all parameters (p < 0.001), and 

the Ljung-Box Q test (p > 0.05) indicated the 

residuals satisfied white noise criteria (Table 2). 

Both the residual ACF and PACF plots fell within 

the 95% confidence intervals (Figure 5), 

demonstrating uncorrelated residuals with no 

discernible pattern.When applied to 2018-2 024 

varicella incidence data from Xuzhou, the model 

yielded an average relative error of -12.52% 

between predicted and actual case counts (Figure 

6).

 

TABLE 1. Estimation of parameters and verification of the ARIMA model. 

 

Variable 

ARIMA(2,0,0)(0,1,

0)12 

ARIMA(2,0,0)(0,1,

1)12 

ARIMA(2,0,0)(1,1,

0)12 

ARIMA(2,0,0)(1,1,

1)12 

Estimate P Estimate P Estimate P Estimate P 

AR -27.867 0.607 -44.934 0.010  -45.297 0.069 -45.592 0.010  

MA - - 0.903 0.239 -0.595 <0.001 0.649 0.079 

Seasonal 

AR 

- - - - - - -0.193 0.419 

Seasonal 

MA 

- - - - - - - - 

Ljung-Box 

P 

0.210 <0.001 <0.001 <0.001 

Stationary 

R
2
 

0.813 0.699 0.692 0.702 

Normalize

d BIC 

9.693 9.953 9.978 10.031 
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Figure 5 Plots of residual autocorrelation function (ACF) and partial autocorrelation function 

(PACF). 

 

 
Figure 6 The sequence following initial ordinary and seasonal first-order differences. 

 

(3) Comparison of Predicted vs. Reported Cases: 

Model predictions versus surveillance data showed 

distinct seasonal patterns (Figure 7). Systematic 

underprediction occurred in late winter/spring 

(February-April), while forecasts aligned closely 

with observations during May-December. Overall, 

reported incidence exceeded predictions by 13.96% 

(95% CI for mean variation: 8.2-45.6%; Table 2), 

indicating moderate forecast bias. 
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Figure 7 Comparison of Predicted and Reported Incidence Numbers of Varicella in Xuzhou in 2024. 

 

 

Table2  Comparative Analysis of Predicted and Reported Incidence Numbers of Varicella 

Comparative  in Xuzhou in 2024. 

Month Predicted number of cases reported number of cases  morbidity change（%) 

1 155 99 -36.13  

2 61 111 81.97  

3 62 111 79.03  

4 89 96 7.87  

5 222 172 -22.52  

6 198 191 -3.54  

7 116 180 55.17  

8 109 170 55.96  

9 96 110 14.58  

10 151 223 47.68  

11 253 303 19.76  

12 177 197 11.30  

合计 1689 1963 13.96  

 

Discussion 

This study analyzed reported varicella case data 

from Xuzhou City spanning 2018 to 2023 using 

time series methods. Results showed that annual 

varicella cases decreased significantly from 2019 to 

2023; incidence peaked in 2019 (5,718 cases) and 

fell to its lowest point in 2023 (2,027 cases), 

representing a 64.5% decline. We decomposed the 

varicella incidence time series and found distinct 

trends and seasonality: monthly incidence was low 

during February and March, with bimodal peaks 

(November–January and May–August) and a 

sustained downward trajectory. These findings 

align with those in relevant literature (5,9–

11,25,26). This trend mirrors the findings of Luan 

et al. (5), who demonstrated declining incidence 

following expanded vaccination programs post-

2010. The observed seasonal synchrony with 

academic calendars further corroborates Wang et 

al.'s (11) identification of educational institutions as 

primary outbreak settings. Therefore, targeted 

interventions are necessary to reduce transmission 

in public spaces during seasonal peaks. 

To our knowledge, this is the first study to use 

varicella data for monthly outbreak forecasting in 

Xuzhou, effectively accounting for seasonality. We 

identified the seasonal ARIMA(2,0,0)(0,1,0)₁₂ 

model as optimal (MAPE=8.6%, 95% CI coverage: 

83.3%). Figure 6 shows that the 95% Cis 
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encompassed all observed data points, 

indicating close alignment between observed and 

fitted values. Its mean absolute error (MAE=10.8 

cases) significantly outperformed influenza 

predictions for Beijing (MAE=24.7 cases) (24) and 

colorectal cancer incidence modeling in China 

(MAPE=12.3%) (22). The model correctly 

identified primary (October–December) and 

secondary (May–June) seasonal peaks, with 

Xuzhou's autumn–winter peak contribution 

(35.2%–48.1%) exceeding national averages 

(30.6%) (11), possibly reflecting climate-mediated 

indoor transmission dynamics (3). 

Methodologically, this study integrates 

multiplicative seasonal decomposition with 

ARIMA modeling, leveraging seasonal differencing 

(D=1, s=12) and parameter parsimony (two 

significant coefficients) to enhance robustness over 

unitary modeling approaches (18–20,24). Unlike 

global burden studies (6,17), our prefecture-level 

focus enables precise public health decision-making 

through Monte Carlo-derived annual incidence 

projections (1,553–1,862 cases) (19,23). 

The ARIMA(2,1,1)×(0,1,1)₁₂ model effectively 

captured varicella incidence patterns in Xuzhou and 

demonstrated strong short-term predictive 

performance, providing an early-warning tool for 

health authorities to implement targeted 

interventions. 

Limitations 

This study has several limitations. First, ARIMA 

models are better suited to short-term forecasting 

(27); thus, we only predicted 2024 cases. 

Second, we did not incorporate meteorological 

covariates (24) or concurrent epidemics (23), 

potentially introducing bias. Third, vaccination 

indicators (8,16) and age-stratified data (5,9)were 

not analyzed, limiting susceptibility assessments. 

Finally, the model’s generalizability to other 

regions requires validation. Future studies should 

integrate vaccination rates/climate variables into 

multivariate models, employ biennial recalibration 

(18) and interrupted time series analysis for 

dynamic adjustments (23), and validate the model’s 

applicability across China (5,10). 

Conclusion 

The ARIMA model projected a continued 

decline in varicella cases in Xuzhou. The 

ARIMA(2,0,0)(0,1,0)₁₂ model is suitable for 

forecasting varicella incidence locally. 

Transitioning to mechanistic frameworks with 

multisource data will optimize elimination 

strategies (12,17), establishing actionable 

surveillance infrastructure for vaccine deployment. 
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