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Study on the relationship between the incidence of influenza
and climate indicators and the prediction of influenza incidence
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Abstract
In recent 2 years, the incidence of influenza showed a slight upward trend in Guangxi; therefore, some joint actions should be
done to help preventing and controlling this disease. The factors analysis of affecting influenza and early prediction of influenza
incidence may help policy-making so as to take effective measures to prevent and control influenza. In this study, we used the
cross correlation function (CCF) to analyze the effect of climate indicators on influenza incidence, ARIMA and ARIMAX
(autoregressive integrated moving average model with exogenous input variables) model methods to do predictive analysis of
influenza incidence. The results of CCF analysis showed that climate indicators (PM2.5, PM10, SO2, CO, NO2, O3, average
temperature, maximum temperature, minimum temperature, average relative humidity, and sunshine duration) had significant
effects on the incidence of influenza. People need to take good precautions in the days of severe air pollution and keep warm in
cold weather to prevent influenza. We found that the ARIMAX (1,0,1)(0,0,1)12 with NO2 model has good predictive perfor-
mance, which can be used to predict the influenza incidence in Guangxi, and the predicted incidence may be useful in developing
early warning systems and providing important evidence for influenza control policy-making and public health intervention.
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Introduction

Influenza, an acute respiratory infectious disease caused by
influenza virus, is the first global surveillance epidemic
(Bekking et al. 2019). Globally, influenza surveillance is car-
ried out in accordance with the definition of influenza-like
cases recommended by the World Health Organization. Its
main purpose is to master the characteristics and dynamics
of influenza epidemics. The outbreak of influenza is often
caught off guard, and it is especially severe in the winter and
spring when the seasons change, influenza is often character-
ized by a wide range of epidemics and severe symptoms,
vulnerable groups such as children and the elderly have poor
resistance and are often the worst-hit areas for influenza out-
breaks, and the prevalence of influenza has brought serious

harm to human health (Elhakim et al. 2019), so the preventive
monitoring of influenza is of great significance (Priedhorsky
et al. 2019).

Early prediction of infectious diseases can help early allo-
cation of resources and take effective measures to prevent and
control them (Chen et al. 2018). At present, there are many
methods used in the prediction of infectious diseases, such as
infectious disease dynamics model (Feng et al. 2013), neural
network prediction method (Li et al. 2017), gray prediction
method (Yang et al. 2018), Logistic Regression Model
(Tuerlinckx et al. 2009), and ARIMA model method
(Nikonahad et al. 2017; Gabriel et al. 2019; Wang et al.
2019; Yi-Yi et al. 2012; Wei et al. 2017; Rodrigues et al.
2018; Gharbi et al. 2011; Zhao et al. 2017; Tian et al. 2019).
Different models have their own advantages and disadvan-
tages. ARIMA model method can capture the periodicity,
trend, and randomness of data, and it has high prediction ac-
curacy and is widely used in the prediction of infectious dis-
eases; for example, Mao et al. (Mao et al. 2018) forecasted
well the incidence of tuberculosis in China by ARIMA meth-
od, and Liu et al. (Liu et al. 2016) predicted the incidence of
hand, foot, and mouth disease accurately in Sichuan province,
China, using the ARIMA model.
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Many studies have shown that climate indicators have a
certain connection with disease outbreaks (Chong et al.
2019; Brattig et al. 2019; Cohen et al. 2017; Watts et al.
2018; Arikawa et al. 2019; Khan et al. 2019; Stewart-Ibarra
et al. 2019); for this reason, incorporating climate indicators
into the prediction model when making disease prediction
might improve the prediction accuracy to some extent.

In recent 2 years, the incidence of influenza showed a slight
upward trend in Guangxi, which increases the burden on the
prevention and control of the disease. To analyze the factors of
affecting influenza incidence and give the forecast and early
warning may be able to provide reference for the prevention
and control work.

This study first analyzed the effect of climate indicators on
the incidence of influenza and further did the early warning
prediction study based on ARIMA model method. In order to
improve the prediction accuracy, climate indicator variables
were incorporated into the prediction model; after statistical
analysis, an ARIMAXmodel was used for prediction analysis
of influenza incidence in Guangxi, China.

Materials and methods

Study area

Guangxi is located in the west of China’s southern region, with
an area of 236,700 km2; Nanning is the capital of the Guangxi.
Guangxi plays an important role in the economic exchanges
between China and Southeast Asia; it has 14 prefecture-level
cities, of which the three in the heart of Guangxi are Nanning,
Laibing, and Guigang. At the end of 2018, Guangxi had a
population of about 49,260,000. The geographical location of
Guangxi in China was shown in Fig. 1.

Data sources

This study used the monthly data of air pollution variables
from January 2015 to February 2020, and the six air pollution
variables were PM2.5, PM10, CO, SO2, NO2, and O3; these
data were from public web pages (https://www.aqistudy.cn/
historydata/).The average values of six air pollution indicators
in Nanning, Laibing, and Guigang of Guangxi were taken as
the air pollution indexes data for Guangxi. The mean values of
the monthly meteorological data (average temperature,
maximum temperature, minimum temperature, average
relative humidity, and sunshine duration) for Nanning and
Laibing were approximated as the Guangxi meteorological
data.

Monthly influenza cases from January 2015 to October
2019 were from website of Guangxi Health Commission.
Influenza case monitoring data are based on the definition of
influenza-like cases recommended by WHO and the National

Influenza Centre. In China, influenza is a nationally notifiable
disease, departments set up by medical institutions at all levels
concerned with the diagnosis, and treatment of influenza
established out-patient logbooks, in-patient registers, and reg-
isters of infectious diseases, and theymust report every case of
influenza very seriously to the local health authority within
24 h. Local health authorities later report monthly influenza
case totals to higher the national level CDC (Center for
Disease Control and Prevention) for surveillance purposes.
A total of 93,484 cases of influenza surveillance were reported
in Guangxi from January 2015 to October 2019. Using popu-
lation data and monthly influenza cases, we calculated the
incidence of influenza (per 100,000 populations).
Descriptive statistics of climate indicators variables and influ-
enza incidence data were shown in Table 1.

Methods

First, the time-delay correlation between variables was ana-
lyzed by cross-correlation analysis function (CCF).

Second, to do the forecast analysis using auto regressive
integrated moving average (ARIMA) model method, the
model takes the form of the ARIMA(p,d,q), where d is the
data difference times, p is the moving average order, and q is
the sliding average order, when the data is periodic and the
seasonal period is s; the model is transformed into
ARIMA(p,d,q)(P,D,Q)s form, where D is the seasonal differ-
ence number, P is the seasonal moving order, and Q is the
seasonal sliding order. The method, proposed by American
scholar Box and British statistician Jenkins in 1976 (Box
and Jenkins 1976), is now widely used in the prediction and
early warning analysis of infectious diseases. If exogenous
variables are included in ARIMA model, it changes into
ARIMAX model. There are three steps to modeling ARIMA
model.

Step 1: Model recognition. The stability and seasonality of
the data are analyzed, and the difference method is
used to stabilize the data and then to determine d and
D. Augmented Dickey-Fuller (ADF) test is used to
determine the stationary of the data (The null hy-
pothesis is that the data is unstable), and then the
alternative models of p, q, P, and Q are estimated
according to autocorrelation function (ACF) and
partial autocorrelation function graphs (PACF).

Step 2: Parameter estimation and model test. The model that
passes the parameter test is feasible, and then, to
determine the best model according Akaike informa-
tion criterion (AIC) and Schwarz-Bayes Criterion
(SBC), the model with minimum value of AIC and
SBC is the best model. The Box-Ljung statistic is
used to do white noise test on the residual sequence;
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if p value is more than 0.05, the model can pass the
test and can be used for predictive analysis.

Step 3: Prediction applications. The selected models are
used to fit the modeling data and to predict the
values for a future period. The root mean square
error (RSME) is used tomeasure the ability of fitting
and forecasting. The smaller the RMSE, the better
the model.

Analysis software: R3.6.2, Eviews7.2 and Arcmap10.2.

Results

To visually analyze the incidence of influenza, climate indi-
cators variables over the years in Guangxi, the monthly

incidence of influenza and PM2.5, PM10, CO, SO2, NO2,
O3, average temperature, maximum temperature, minimum
temperature, average relative humidity, and sunshine duration
from January 2015 to October 2019 were plotted (see
Figs. 2, 3 and 4). From the time series graph of influenza
incidence, we can see that in recent years, the incidence of
influenza was the highest around December; in general, the
incidence of influenza showed a slight upward trend. From the
change trend of the six air pollution variables in the past years,
it could be seen that the air pollution was heavy almost every
winter; in Guangxi, at this time the incidence of influenza was
also high. The time series of meteorological variables ap-
peared peaks around June every year and troughs in winter.

It is generally believed that climate indicators have latent
effect on disease and there were lag effects. To this end, six
index variables of air pollution and five meteorological vari-
ables and influenza incidence were analyzed with 0–12 order
delay correlation. The calculated correlation coefficients and
tests were shown in Table 2, there were the correlation coef-
ficients between influenza incidence and eleven climate indi-
cators variables, and there were the maximum delay correla-
tion coefficient (Corr-Coef) and the corresponding lag order.
As can be seen from the data in Table 2, NO2, O3, average
temperature, maximum temperature, minimum temperature,
and sunshine duration were directly and significantly associ-
ated with influenza incidence; the CCF correlation analysis
showed that the lag variables of the other four air pollution
variables and average relative humidity were significantly cor-
related with influenza incidence.

Next, we attempted to build ARIMAmodel and ARIMAX
model for predicting the incidence of influenza in Guangxi.
Before modeling, we analyzed the stability of the modeling
data to see if it needed differential processing. The data of
influenza incidence and the eleven climate indicators variables

Table 1 The descriptive statistics of data variables

Variables Range Mean ± S.D.

Influenza 0.12–19.94 3.3 ± 4.6

PM2.5 (μg/m3) 18.3–79.0 37.8 ± 15.1

PM10 (μg/m3) 34.3–109.7 59.6 ± 18.5

SO2 (ppb) 7.7–24.7 14.4 ± 4.3

CO (ppm) 0.6–1.3 0.9 ± 0.2

NO2 (ppb) 16.0–40.3 24.9 ± 6.1

O3(ppm) 37.7–139.0 78.5 ± 20.0

Relative humidity(%RH) 66.1–87.23 79.03 ± 5.07

Average temperature(°C) 11.77–29.70 21.54 ± 5.91

Maximum temperature(°C) 14.55–34.15 26 ± 6.31

Minimum temperature(°C) 8.25–25.90 18.52 ± 5.71

Sunshine duration (h) 28.50–242.10 120.07 ± 55.86

Fig. 1 Guangxi and its
geographical location in China
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in Guangxi were tested by ADF test; the results showed that
the twelve test p value values were less than 0.05, indicating
that these data were stationary and did not need to be differ-
entially processed. Therefore, both d and D in the ARIMA (p,
d, q) (P, D, Q)s model were 0.

First, we used only influenza data from January 2015 to
October 2019 to build the prediction model. In order to exam-
ine the periodicity of the data and determine the value of s, we
decomposed the data into trend, season, and random items, as
can be seen from Fig. 5; there was a significant seasonality in
influenza incidence data with a seasonal cycle of 12, which
indicated that s was 12, so the ARIMA (p, d, q)(P, D, Q)s
model became ARIMA (p, 0, q)(P, 0, Q)12. Then, we divided
the data into two parts: data from January 2015 to June 2019
for building model and data from July 2019 to October 2019

for testing the model’s prediction performance. The ACF and
PACF diagrams of the modeling data were drawn to deter-
mine the values of p, q, P, and Q in the model. See Fig. 6,
autocorrelation coefficient first-order truncation, partial corre-
lation number first order truncation, and the autocorrelation
and partial correlation coefficients of the 12th order delay
were large; therefore, it was preliminarily determined that p,
q, P, and Q were 0 or 1. We tested various combinations of p,
q, P, and Q with 0 or 1 and did the model hypothesis test
analysis and finally determined that only the ARIMA
(1,0,1)(0,0,1)12 model parameters passed the test and the
AIC and SBC of the model were the smallest; they were
5.14 and 5.25, respectively; the residual of this model was
tested by Box-Ljung test, and almost all the p values of the
residual lag were greater than 0.05, indicating that the residual

Fig. 3 Time series of the six air
pollution variables from January
2015 to October 2019

Fig. 2 Time series of influenza
incidence in Guangxi from
January 2015 to October
2019(Per 100,000 population)
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was white noise and this model passed the test (this indicated
that the model has a good ability to do fit and prediction
analysis). Using this model to do fitting analysis for the
modeling data, the fitting RMSE was 2.98; using this model
to predict influenza incidence from July 2019 to October
2019, the predicting RMSE was 7.61.

Second, considering that climate indicators variables might
influence the incidence of influenza to some extent, they were
considered for inclusion in the ARIMA (1,0,1)(0,0,1)12 mod-
el, and the ARIMAX model analysis was done. Firstly, the
maximum time lag correlation variables of each climate indi-
cators variables were brought into ARIMA (1,0,1)(0,0,1)12
model, respectively, to construct ARIMAX model.
Secondly, due to the strong correlation between some climate
indicators variables; in other words, these variables are not
independent each other; in order to avoid the phenomenon
of pseudo regression, we used the idea of stepwise regression
to include these variables in the ARIMA (1,0,1)(0,0,1)12

model for ARIMAX model analysis; and after the model test
analysis, we found that only four ARIMAXmodels passed all
the parameters test; see Table 3 for details.

Comparing the model in Table 3, we found that the model
of ARIMAX (1,0,1)(0,0,1)12 with NO2 had the smallest AIC
and SBC values, indicating that the model had the highest
fitting accuracy and the residual of the model was tested by
Box-Ljung test and almost all the p values of the residual lag
were greater than 0.05, which indicated that the model resid-
ual was white noise; therefore, the ARIMAX (1,0,1)(0,0,1)12
with NO2 model had good prediction performance. The AIC
and SBC of the ARIMAX (1,0,1)(0,0,1)12 with NO2 model
were less than ARIMA (1,0,1)(0,0,1)12 model, which indicat-
ed that the ARIMAX (1,0,1)(0,0,1)12 with NO2 model has
higher prediction accuracy and it was more suitable for
predicting influenza incidence in Guangxi. Using the model
to fit the influenza incidences from January 2015 to
June 2019, the fitting RMSE was 2.67; using the model to

Fig. 4 Time series of the
meteorological variables (average
temperature, maximum
temperature, minimum
temperature, average relative
humidity, and sunshine duration)
from January 2015 to October
2019

Table 2 The correlation coefficients and maximum lag correlation coefficients between influenza incidence and eleven variables

PM2.5 PM10 SO2 CO NO2 O3

Corr-Coef 0.14 0.13 −0.2 0.07 0.26* −0.35**
Max lag Corr- −0.36** −0.4** −0.49** −0.38** 0.26* −0.35**
Coef and

Its lag order 6 6 6 7 0 0

Ave-tem Max-tem Min-tem Ave-Humi Sunshine

Corr-Coef −0.368** −0.388** −0.351** −0.046 −0.307*
Max lag Corr- −0.368** −0.388** −0.351** 0.351** −0.315*
Coef and

Its lag order 0 0 0 6 1

* means significant at 0.05 level; ** means significant at 0.01 level
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predict the influenza incidences from July 2019 to October
2019 and the prediction RMSE was 2.57 and to predict influ-
enza incidence from November 2019 to February 2020, the
predicted values were 2.0, 1.92, 15, and 4.73, respectively.
Chart of fitting and predicting influenza incidence based on
ARIMAX was shown in Fig. 7.

Discussion

Influenza is an acute febrile respiratory infectious disease
caused by influenza virus, characterized by short incubation
period, rapid transmission, wide spread, variable antigen, gen-
eral susceptibility, and difficulty in control, prone to outbreak
or epidemic. In recent 2 years, the incidence of influenza in
Guangxi showed a slight upward trend, so it is necessary to
analyze the factors affecting the incidence of influenza and do
a good job of early warning and prevention.

It is generally believed that climate indicators affect influ-
enza epidemics by influencing the survival of viruses, crowd

and individual behavior. This study analyzed the correlation
between the air pollution variables (PM2.5, PM10, CO, SO2,
NO2, and O3) and the incidence of influenza, and the correla-
tion between meteorological variables (average temperature,
maximum temperature, minimum temperature, average rela-
tive humidity, and sunshine duration) and the incidence of
influenza in Guangxi. Considering that there might be the
lagging effect of air pollution and meteorological factors on
disease, the cross-correlation function was used to analyze the
lag correlation of 0–12 order between them; the results
showed that the correlations of PM2.5, PM1,0 and SO2 were
most significant at lag 6, their correlation coefficients were −
0.36,-0.4,-0.49 and − 0.38 respectively; the correlation of CO
was most significant at lag 7, and the correlation coefficients
was −0.38, while the correlation coefficients of NO2 and O3

were highest at lag 0 and their correlation coefficients were
0.26 and − 0.35. The correlations of average temperature,
maximum temperature, and minimum temperature were most
significant at lag 0; their correlation coefficients were −0.368,
−0.388, and −0.351 respectively; the correlation of sunshine

Fig. 5 The data of influenza
incidence in Guangxi were
decomposed into trend part,
seasonal part and random part

Fig. 6 The ACF and PACF charts
for influenza incidence data from
January 2015 to June 2019
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duration was most significant at lag 1, and the correlation
coefficients was −0.315; the correlation of average relative
humidity was most significant at lag 6, and the correlation
coefficients was 0.351. Among them, most air pollution var-
iables were negatively associated with influenza incidence; it
was because that people in Guangxi often decide whether to
take part in activities based on the weather forecast, and when
air pollution was severe, they might reduce their outdoor ac-
tivities; this reduced close contact behavior, which reduced
the chance of being infected with the influenza. There was a
positive correlation between NO2 and the incidence of influ-
enza, because NO2 mainly damaged the respiratory tract and
there were only slight irritation symptoms of eyes and upper
respiratory tract, such as throat discomfort, dry cough, etc.
Delayed pulmonary edema often develops after an incubation
period of several to more than 10 h or more and then develops
into pneumonia; at this point, on the one hand, the symptoms
of the disease are similar to influenza; on the other hand, it
reduces the body’s immunity and thus increases the risk of
infection influenza. The three temperature variables and sun-
shine duration variable were negatively correlated with influ-
enza incidence, indicating that the higher the temperature, the

lower the influenza incidence, and the average relative humid-
ity was not significantly correlated with influenza incidence;
however, there was a significant positive correlation between
average relative humidity at lag 6 and the incidence of influ-
enza, indicating that the relative humidity also had a long-term
lag positive correlation effect on influenza incidence.

Disease epidemic dynamic estimation and prediction are
important links of infectious disease prevention and control,
and they are the main basis for health management to formu-
late prevention and control countermeasures and allocate re-
sources. However, because the influenza epidemic is affected
by many uncertain factors, it is difficult to identify early,
which leads to the lag of corresponding preventive and control
measures. How to timely and effectively warn the influenza
epidemic has been the focus and difficulty of disease preven-
tion and control. The effect of climate indicators on the inci-
dence of influenza also suggests that significant explanatory
variables should be taken into account in influenza prediction
rather than only confined to historical data on influenza inci-
dence. ARIMA model is the most commonly used time series
prediction method, which has been widely used in various
fields of preventive medicine; this study first considered

Fig. 7 Chart of fitting and
predicting influenza incidence
based on ARIMAX
(1,0,1)(0,0,1)12 with NO2

Table 3 Four ARIMAX models
with their parameters test results ARIMA(1,0,1)

(0,0,1)12

ARIMAX(1,0,1)

(0,0,1)12 with
PM2.5(lag6)

ARIMAX(1,0,1)

(0,0,1)12 with
PM10(lag6)

ARIMAX(1,0,1)

(0,0,1)12 with
SO2(lag6)

ARIMAX(1,0,1)

(0,0,1)12 with
NO2

Variable −0.11* 0.01* 0.08* 0.25**

AR(1) 1.05** 1.03** 1.02** 1.05** 0.87**

MA(1) −1.3** −0.98** −1.3** −1.32** −1.25**
SMA(1) 0.46** 0.5** 0.48** 0.47** 0.62**

AIC 5.14 5.53 5.30 5.29 4.96

SBC 5.24 5.69 5.46 5.44 5.11

* means significant at 0.05 level; ** means significant at 0.01 level
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establishing a predictive model containing only influenza his-
tor ical data . After careful analysis , the ARIMA
(1,0,1)(0,0,1)12 model was established. The AIC and SBC of
this model were 5.14 and 5.25. Using this model to do fitting
analysis for the modeling data, the fitting RMSE was 2.98;
using this model to predict influenza incidence from July 2019
to October 2019, the prediction RMSE was 7.61. Secondly,
considering the influence of climate indicators on the inci-
dence of influenza, the ARIMAX model was established by
including some lag variables of air pollution and meteorolog-
ical factors in ARIMA (1,0,1)(0,0,1)12 models; after careful
analysis by model test and comparing the AIC and SBC of
models, it was found that ARIMAX (1,0,1)(0,0,1)12 with NO2

had the smallest AIC and SBC values; they were 4.96 and
5.11, respectively; the fitting RMSE of this model was 2.67,
and the prediction RMSE of this model was 2.57. Comparing
the ARIMAX (1,0,1)(0,0,1)12 with NO2 model with the
ARIMA(1,0,1)(0,0,1)12 model, it was found that the AIC,
SBC values, and the fitting and prediction RMSE of the
ARIMAX model were all less than these values of the
ARIMA (1,0,1)(0,0,1)12 model, indicating that the
ARIMAX (1,0,1)(0,0,1)12 with NO2 model was superior to
the ARIMA (1,0,1)(0,0,1)12 model.

Conclusions

The incidence of influenza in Guangxi showed a slight up-
ward trend in recent two years. It is necessary to analyze the
factors affecting the incidence of influenza and do a good job
of early warning. Considering the influence of climate indica-
tor variables on the incidence of influenza and considering the
lag effect of climate indicators on the incidence of influenza,
we did the CCF correlation analysis between PM2.5, PM10,
CO, SO2, NO2, O3, average temperature, maximum tempera-
ture, minimum temperature, average relative humidity, sun-
shine duration, and the incidence of influenza. The results
found that when air pollution was severe, people might reduce
outdoor activities; this reduced close contact behavior, which
reduced the chance of being infected with the influenza. The
more serious the NO2 pollution, the higher the incidence of
influenza; therefore, it is necessary to take good precautions to
reduce the incidence of influenza when the air pollution is
serious. The higher the temperature, the lower the incidence
of influenza; therefore, people should keep warm in cold
weather to prevent influenza. In this study, the ARIMA
(1,0,1)(0,1)12 model based on the historical incidence data of
influenza in Guangxi and the ARIMAX (1,0,1)(0,1)12 with
NO2 model were established; after comparison, it was found
that ARIMAX(1,0,1)(0,0,1)12 with NO2 model was better
than ARIMA(1,0,1)(0,0,1)12 model, predicting influenza inci-
dence in Guangxi by ARIMAX (1,0,1)(0,0,1)12 with NO2

model may provide an evidence for influenza control policy-
making and public health intervention.
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