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Background: Influenza is a respiratory infection that poses a significant
health burden worldwide. Environmental indicators, such as air pollutants and
meteorological factors, play a role in the onset and propagation of influenza.
Accurate predictions of influenza incidence and understanding the factors
influencing it are crucial for public health interventions. Our study aims to
investigate the impact of various environmental indicators on influenza
incidence and apply the ARIMAX model to integrate these exogenous variables
to enhance the accuracy of influenza incidence predictions.

Method: Descriptive statistics and time series analysis were employed to
illustrate changes in influenza incidence, air pollutants, and meteorological
indicators. Cross correlation function (CCF) was used to evaluate the correlation
between environmental indicators and the influenza incidence. We used ARIMA
and ARIMAX models to perform predictive analysis of influenza incidence.

Results: From January 2014 to September 2023, a total of 21,573 cases of
influenza were reported in Fuzhou, with a noticeable year-by-year increase
in incidence. The peak of influenza typically occurred around January each
year. The results of CCF analysis showed that all 10 environmental indicators
had a significant impact on the incidence of influenza. The ARIMAX(O, 0, 1) (1,
0, 0);, with PMy(lag5) model exhibited the best prediction performance, as
indicated by the lowest AIC, AlCc, and BIC values, which were 529.740, 530.360,
and 542.910, respectively. The model achieved a fitting RMSE of 2.999 and a
predicting RMSE of 12.033.

Conclusion: This study provides insights into the impact of environmental
indicators on influenza incidence in Fuzhou. The ARIMAX(O, 0, 1) (1, O, 0);, with
PMys(lag5) model could provide a scientific basis for formulating influenza
control policies and public health interventions. Timely prediction of influenza
incidence is essential for effective epidemic control strategies and minimizing
disease transmission risks.
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1 Introduction

Influenza, a widely prevalent respiratory infection, exerts a
substantial impact on the health of millions of people worldwide each
year, leading to severe morbidity and occasional deaths (1). While, like
other respiratory infections, influenza is typically most prevalent
during the winter and spring seasons, recent reports have illuminated
a noteworthy surge in summer influenza cases (2). This emerging
trend presents fresh challenges for health authorities and influenza
surveillance efforts. The onset and propagation of influenza are
influenced by a multitude of factors, including environmental
indicators such as air pollutants (3) and meteorological factors (4).
Therefore, it is of paramount importance to attain accurate predictions
of influenza incidence and develop a thorough understanding of the
factors that influence it.

Timely prediction of infectious diseases is essential to maintaining
and improving public health (5). It helps the government to formulate
and implement effective epidemic control strategies, ensuring the
availability of adequate medical resources and healthcare personnel,
thereby minimizing the risk of disease transmission. Currently,
various methods are employed for predicting infectious diseases,
encompassing infectious disease dynamics model (6), logistic
regression model (7), gray prediction theory (8, 9), ARIMA model
(10-12), Prophet model (13), Holt-Winters model (14), and LSTM
models (15). Each of these methods possesses its own set of advantages
and drawbacks. Notably, the ARIMA model stands out in its ability to
accurately identify the seasonality and trends of infectious diseases.
For instance, Wu et al. utilized the ARIMA method to forecast the
incidence of pulmonary tuberculosis under the regular COVID-19
epidemic prevention and control measures in China (16). Ahn et al.
(17) effectively applied the ARIMA model to anticipate the incidence
of rheumatic diseases during the COVID-19 pandemic in Korea.
While previous studies have extensively delved into the prediction of
infectious diseases, researchers often overlook the potential impacts
of air pollution and meteorological factors on infectious diseases.
There exists a certain degree of correlation between environmental
indicators and the incidence of infectious diseases (18, 19). Thus, the
inclusion of environmental indicators in the predictive model for
infectious diseases is anticipated to enhance the accuracy of
predictions to some extent.

In recent years, the incidence of influenza in Fuzhou has been
increasing year by year, adding to the challenges of disease prevention
and treatment. Notably, in 2023, during a spring peak in Fuzhou, the
monthly reported cases of influenza reached 2,749, marking the
highest number reported in a single month over the past decade.
Therefore, the analysis of factors influencing influenza incidence and
the provision of corresponding predictions and early warnings are
for the
control strategies.

crucial development of effective prevention and

Our study initiated an analysis of the impact of environmental
indicators, including air pollution and meteorological factors, on
influenza incidence. It then developed an optimal ARIMA model
based on influenza incidence data. Subsequently, to enhance
prediction accuracy, environmental indicators were systematically
introduced into the optimal ARIMA model, leading to the
establishment of the ARIMAX model. Finally, we selected the optimal
ARIMAX model for the prediction analysis of influenza incidence
in Fuzhou.
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2 Materials and methods
2.1 Study area and data sources

Fuzhou, situated in the southeast coastal area of China, serves as
the capital city of Fujian Province and spans an area of 11,968.53
square kilometers. As of the end of 2022, Fuzhou had a permanent
resident population of 8.448 million. The monthly data on influenza
cases were sourced from the Fuzhou Center for Disease Control and
Prevention. The surveillance of influenza cases followed the criteria
outlined by the World Health Organization and the Chinese Center
for Disease Control and Prevention for influenza-like cases.
Population statistics were extracted from the Fuzhou Statistical
Yearbook. We utilized monthly influenza incidence (per 100,000
populations) data spanning from January 2014 to December 2022.
This dataset was split into two subsets: a training set covering the
period from January 2014 to December 2022, and a test set spanning
from January 2023 to September 2023.

The monthly air pollution monitoring data used in this study
covers the period from January 2014 to September 2023 and was
provided by the Environmental Monitoring Center under the
Environmental Protection Administration of Fuzhou. The air
pollutants included particulate matter 2.5pm (PM,s), particulate
matter 10 pm (PM,), sulfur dioxide (SO,), carbon monoxide (CO),
nitrogen dioxide (NO,), and ozone (O;). Simultaneously, the monthly
meteorological data for the same period were procured from the
Fuzhou Meteorological Bureau, encompassing meteorological factors
such as monthly average temperature (°C), monthly maximum
temperature (°C), monthly minimum temperature (°C), and monthly
average wind speed (m/s). The monitoring data for the above
environmental indicators was obtained with authorization from the
Fuzhou Environmental Protection Bureau and the Fuzhou
Meteorological Bureau.

2.2 Construction of the seasonal ARIMA
model

Autoregressive Integrated Moving Average Model (ARIMA) is a
widely-used method for the analysis and prediction of time series data
(20). It finds applications in forecasting infectious diseases like
varicella (21), tuberculosis (22), and COVID-19 (23). The
fundamental concept underlying ARIMA model is to utilize historical
data to make future predictions. ARIMA model is primarily
composed of three components: Autoregressive (AR), Integration (I),
and Moving Average (MA). For time series data exhibiting periodic
patterns, the Seasonal Autoregressive Integrated Moving Average
Model (SARIMA) combines seasonal differencing with the standard
ARIMA model, making it well-suited for modeling data with
recurring characteristics.

In our study, we developed a SARIMA model denoted as
ARIMA(p, d, q) (P, D, Q),, where p signifies the AR order, d stands for
the differencing order and q represents the MA order. Meanwhile, s
indicates the period of seasonal trend, while P, D and Q correspond to
the seasonal terms within the SARIMA model. The determination of
these parameters, (p, d, q) and (P, D, Q), is achieved through an
analysis of the Partial Autocorrelation Function (PACF) and the
Autocorrelation Function (ACF). The choice of the parameter s
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depends on the length of the seasonal cycle. The seasonal model can
be mathematically represented as follows:

9 (B)d, (B )i =0,(B)0o(B" e M

In Equation 1,%p (B) represents a non-seasonal autoregressive lag

polynomial, qu(BS) represents seasonal moving average lag

polynomial, 6, ( B) represents seasonal moving average lag polynomial.
To ensure the stability of our time series, we initially applied differencing,
a crucial step in the analysis. We then conducted an augmented Dickey-
Fuller (ADF) test to verify the temporal stability of the series.
Subsequently, we employed the corrected Akaike’s information criterion
(AICc) to assess the goodness of fit of the SARIMA model, with the
model associated with the lowest AICc value considered the optimal
choice. Finally, we conducted the Ljung-Box test to ascertain whether
the residual sequence of the model exhibited characteristics of white
noise. If the p-value is greater than 0.05, the model satisfies the tests
criteria and can be employed for predictive analysis.

2.3 Construction of the ARIMAX model

ARIMAX model, which incorporates exogenous variables related
to the target time series as input variables, builds upon the foundation
of the ARIMA model to enhance prediction accuracy (24). The
primary objective of the ARIMAX model is to capture trends and
seasonal fluctuations within time series data by amalgamating
autoregressive, differencing, moving average components, and
exogenous variables, thereby offering precise predictions and robust
analytical capabilities. In contrast to the ARIMA model, the ARIMAX
model takes into account exogenous variables that are associated with
the time series data. These exogenous variables can encompass other
time series data or non-time series data, such as environmental
indicators (25, 26) and government policies (27). The role of
exogenous variables is to furnish additional information that aids in
refining model fitting and prediction accuracy.

In this study, we developed an ARIMAX model for each
exogenous environmental variable using data from six air pollutants
and four meteorological factors. Our approach consisted of three main
steps: Initially, we conducted the cross-correlation function (CCF) to
assess the time-delay correlation between different variables and
influenza incidence. Subsequently, we integrated significant
environmental indicators as exogenous variables into the optimal
ARIMA model, thereby creating alternative ARIMAX models. Finally,
we selected the best-fitting ARIMAX model based on three criteria:
(a) the Akaike Information Criterion (AIC), Corrected Akaike
Information Criterion (AICc), Bayesian Information Criterion (BIC),
Root mean squared error (RMSE) values are smaller than the optimal
ARIMA model; (b) the degree that the residual sequence of the model
is white noise by Ljung-Box test; (c) the model’s performance in
predicting influenza incidence in 2023.

The primary innovation of our study lies in the integration of
environmental indicators into the ARIMAX framework. By
incorporating exogenous variables related to influenza incidence,
we can gain a more comprehensive understanding of the multifaceted
factors influencing disease transmission. This approach not only
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improves the accuracy of our predictions but also provides valuable
insights for public health interventions. Furthermore, we employ
advanced model selection criteria, such as the corrected AICc, to
ensure optimal model fitting. Through these enhancements, our
research contributes a novel perspective to the application of
ARIMA models in the field of epidemiology, demonstrating their
adaptability and relevance in addressing contemporary public
health challenges.

2.4 Statistical methods

Descriptive statistics were employed to illustrate changes in
influenza incidence, air pollutants and meteorological factors. Time
series plots (line plots) were utilized to visualize their temporal
distribution. The cross-correlation function (CCF) was used to
evaluate the lag effect of environmental influencing factors. For the
development of ARIMA and ARIMAX models, as well as data

» o«
>

visualization, we utilized the R packages “forecast,” “stats,” and
“ggplot2” in R (version 4.2.1, The R Foundation). The significance

level was set at 0.05.

2.5 Ethical approval and consent to
participate

We obtained ethical approval from the Ethical Review Committee
of the Fuzhou Center for Disease Control and Prevention (Approval
No. IRB2020008) to conduct a secondary analysis of aggregated data
collected by the Fuzhou CDC, China. The informed consent
requirement was waived by the Ethical Review Committee of the
Fuzhou Center for Disease Control and Prevention for this study. This
study was carried out following the Helsinki Declaration contents.

3 Results

From January 2014 to September 2023, a total of 21,573 cases of
influenza were reported in Fuzhou, with an incidence rate of
2.228+4.593 (as shown in Table 1). The highest number of cases was
recorded in June 2023, with 2,749 reported cases. Analysis of the time
series chart of influenza incidence reveals that the peak of influenza
cases typically occurs around January each year. Overall, there is a
noticeable year-by-year increase in influenza incidence (as depicted
in Figure 1).

Upon reviewing the data from the past few years, it becomes
evident that nearly every winter is marked by severe air pollution in
Fuzhou. Simultaneously, there is a notable increase in the incidence of
influenza. Overall, the concentrations of all other five air pollutants,
with the exception of Os, exhibit a consistent downward trend, as
illustrated in Figure 2. The mean concentrations of PM, 5, PM,,, SO,,
CO, NO,, and O; were 24.160, 45.620, 5.479, 0.660, 24.060, and
88.260 pg/m’, respectively.

During the study period, the time series of meteorological factors
exhibited a strong cyclical and seasonal pattern overall, with peak
values occurring during the summer and troughs observed in the
winter (as depicted in Figure 3). The mean values of the monthly
average temperature, maximum temperature, minimum temperature
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TABLE 1 The descriptive statistics of the monthly influenza incidence and environmental indicators in Fuzhou, 2014-2023.

Variable Range Mean + S.D. P25 P50 P75 (@]
Incidence (/100, 000) 0.236-32.540 2.228+4.593 0.645 0.974 1.845 1.200
Average temperature (°C) 9.528-30.000 19.893+6.114 13.926 20.000 25.831 11.905
Maximum temperature (°C) 12.050-35.000 23.600+6.346 17.540 23.140 29.230 11.690
Minimum temperature (°C) 6.291-25.000 16.182+£5.923 10.059 16.390 21.960 11.901
Average wind speed (m/s) 4.300-9.681 6.762+0.985 6.112 6.700 7.336 1.224
PM, 5 (pg/m*) 12.000-56.000 24.160£7.912 18.000 23.000 29.000 11.000
PM,, (pg/m?) 23.000-89.000 45.620+£12.901 36.000 44.000 53.000 17.000
SO, (pg/m?) 3.000-16.000 5.479+1.827 4.000 5.000 6.000 2.000
CO (mg/m?) 0.326-1.165 0.660+0.142 0.577 0.668 0.735 0.158
NO, (pg/m?) 8.000-52.000 24.060+8.915 17.000 23.000 30.000 13.000
O; (pg/m?) 45.000-130.000 88.260+18.542 75.000 87.000 102.000 27.000
Time series of influenza incidence in Fuzhou

o _| i

g i

0 | i

N i

g 3

g o !

3 &7 1

S |

£ :

g e 3

o |

9] i

> |

= 1

£ o | 1

° 3

© ! 1 !

I T T T T T ! 1 T T I

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Time(month)
FIGURE 1
Time series of influenza incidence in Fuzhou from January 2014 to September 2023.

and average wind speed were 19.893, 23.600, 16.182, and 6.762m/s,
respectively.

We investigated the lagged relationship between 10 environmental
indicators and influenza incidence using cross-correlation analysis. As
illustrated in Table 2, SO,, CO, NO,, average temperature, maximum
temperature, and minimum temperature exhibited direct and
statistically significant associations with influenza incidence, while the
lag variables for the other three environmental indicators also
displayed significant associations with influenza incidence.

To begin with, it is imperative to establish an optimal ARIMA
model for predicting influenza incidence in Fuzhou. Prior to
modeling, we conducted an ADF test to assess the stability of both
influenza incidence and 10 environmental indicators, aiming to
ascertain if differential processing was necessary. All p-values from the
tests were found to be less than 0.05, signifying the data were
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stationary and did not need to be differential processed. Consequently,
we conclude that the parameters d and D in the ARIMA(p, d, q) (B, D,
Q), model were both 0. Given that our predictive models were
constructed using influenza incidence data spanning January 2014 to
December 2022, we decomposed the data into trend, season, and
random items. The influenza time series showed an upward trend.
Meanwhile, this analysis also revealed a pronounced seasonality in
influenza incidence data, characterized by a seasonal period of 12
(refer to Figure 4). Consequently, the parameter s of the ARIMA
model was set at 12, and the model can be expressed as ARIMA(p, 0,
qQ (B0, Q).

We developed the model using data from the training set (January
2014 to December 2022) and assessed the prediction performance of
the model using the test set data (January 2023 to September 2023).
To determine the values of the remaining ARIMA model parameters
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FIGURE 2

Time series of the six air pollution variables from January 2014 to September 2023.
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p> ¢ P and Q, we generated ACF and PACF plots based on the training
set data. The plots for ACF and PACF reveal the temporal dependence
of influenza incidence, with maximum autocorrelation and partial
correlation coefficients observed at lags 0 (refer to Figure 5).

Through the analysis of the ACF and PACF plots of the original
time series, it can be determined that the remaining parameters p,
g, P, and Q of the ARIMA model should be 0, or 1. To automatically
identify the model order of the ARIMA model, we used the auto.
arima function from the “forecast” package to select a total of 13
alternative models (Table 3). Finally, the optimal model was
identified as ARIMA(0, 0, 1) (1, 0, 0),,, boasting the lowest AIC,
AICc, and BIC values, which stood at 552.910, 553.303, and 563.640,
respectively. Additionally, the Ljung-Box test confirmed that the
residual sequence resembles white noise (p>0.05). The ARIMA(0,
0, 1) (1, 0, 0);, model excelled in both fitting and predicting
influenza incidence. When applied to the training set, the model
yielded the fitting RMSE of 3.002; the model was employed to
predict influenza incidence in the test set, achieving the predicting
RMSE of 12.475.

To investigate the potential influence of environmental
indicators, such as air pollutants and meteorological factors, on
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influenza incidence, we systematically integrated these
environmental indicators one by one into the ARIMA(0, 0, 1) (1, 0,
0),, model to formulate an optimal ARIMAX model. We integrated
the maximum lag correlation variables for each environmental
indicator into the ARIMA(0, 0, 1) (1, 0, 0),, model, thus creating 10
distinct ARIMAX models. The Ljung-Box test was employed to
assess these 10 models, and results indicated that the residual
sequences of the models exhibited white noise characteristics (All
p>0.05).

Based on the outcomes summarized in Table 4, it was determined
that the ARIMAX(0, 0, 1) (1, 0, 0),, with PM,(lag5) model had the
lowest AIC, AICc, and BIC values, signifying superior fitting accuracy
and suitability for predicting influenza incidence in Fuzhou. During
the model-fitting phase using the training aset, this ARIMAX model
achieved a RMSE of 2.999. When applied to forecast influenza
incidence in the test set, the model had an RMSE of 12.033.

Figure 6 graphically presents the fitting and predictive results of
influenza incidence rates based on the ARIMAX(0, 0, 1) (1, 0, 0),, with
PM,(lag5) model. These results demonstrate the efficacy of the
ARIMAX(0, 0, 1) (1, 0, 0),, with PM,,(lag5) model in accurately
forecasting influenza incidence in Fuzhou. Notably, the model

frontiersin.org


https://doi.org/10.3389/fpubh.2024.1441240
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Zheng et al. 10.3389/fpubh.2024.1441240
Average temperature Maximum temperature
[ = Q. v _J
(32 32l
& 8 -
o | &
N
o |
v _| N
- o |
o | <
T T T T T T T T T 1 T T T T T T T T T 1
2014 2016 2018 2020 2022 2024 2014 2016 2018 2020 2022 2024
Minimum temperature Average wind speed
[
~N
o -
. o
o | ~ -
© -
o _|
- 0 -
T T T T T T T T T 1 T T T T T T T T T 1
2014 2016 2018 2020 2022 2024 2014 2016 2018 2020 2022 2024
FIGURE 3
Time series of the meteorological factors (monthly average temperature, monthly maximum temperature, monthly minimum temperature, monthly
average wind speed) from January 2014 to September 2023.

TABLE 2 The correlation coefficients and maximum lag correlation coefficients between influenza incidence and environmental indicators.

PM,5 PMj, SO, (6(0) NO, O;

Corr-Coef —0.018 —0.070 —0.183%* —0.220%* —0.183* —0.006
Max lag Corr-Coef —0.266%* —0.291% —0.184* —-0.326* —0.259% 0.238%
Its lag order (Max) 5 5 1 4 4 3

Ave.temp Max.temp Min.temp Ave.ws
Corr-Coef —0.053* —0.051%* —0.054* —0.240
Max lag Corr-Coef 0.211% 0.225% 0.195% —0.290*
Its lag order (Max) 3 3 3 2

#p<0.05; Ave.temp, average temperature; Max.temp, maximum temperature; Min.temp, minimum temperature; Ave.ws, average wind speed.

displayed commendable fitting accuracy in both the training and
test sets.

4 Discussion

Influenza is a respiratory viral disease caused by the influenza
virus (28). It typically manifests with acute respiratory symptoms, but
for individuals with weaker immune systems, such as the young, the
older adults, or those with compromised immunity, influenza can lead
to more severe complications even life-threatening outcomes (2). Over
the past decade, Fuzhou has witnessed a notable surge in the incidence
of influenza, indicating a critical influenza epidemic. Hence,
investigating the factors influencing influenza incidence is crucial for
the evidence-based development of influenza control policies and the
implementation of timely public health interventions.

Frontiers in Public Health

In 2022, the winter flu peak did not occur in Fuzhou, primarily
attributed to the outbreak of COVID-19 and the strict epidemic
prevention and control measures implemented, including the
complete suspension of in-room dining and the promotion of remote
work. These measures effectively reduced interpersonal contact,
thereby mitigating the spread of influenza. The proactive interventions
in response to the COVID-19 outbreak in Fuzhou had a positive
impact on curbing the high incidence of influenza. However, China
removed many restrictive COVID-19 prevention and control
measures after January 8, 2023. It resulted in a rapid increase in
COVID-19 infections and necessitated home-based treatments for
many citizens, contributing to a partial reduction in the spread of
influenza. These observations underscore the need for in-depth
analysis in future studies to understand the specific mechanisms and
long-term trends of various public health interventions on
influenza transmission.
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During the period from 2022 to 2023, Fuzhou experienced
consecutive summer influenza peaks, with a higher number of
reported cases in both years. Apart from the conducive climate
conditions of high temperature and humidity during summer, which
potentially facilitate the transmission of the influenza virus, the
reasons behind the summer influenza peaks in the 2 years might
be different, contingent upon the contextual circumstances prevailing
at the time.

Frontiers in Public Health

In 2022, amidst a significant influenza pandemic, Fuzhou
encountered no COVID-19 outbreak in June 2022, and residents
reduced their mask-wearing behavior due to hot weather
conditions. Concurrently, with medical resources extensively
allocated for monitoring and treating respiratory diseases during
the influenza pandemic, this likely resulted in intensified
surveillance and reporting of influenza cases. During June to July
2023, the emergence of a summer influenza peak in Fuzhou may
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be associated with China’s relaxation of numerous restrictive
COVID-19 control measures, such as mask-wearing and avoidance
of crowded places, effective from January 8, 2023. Subsequently,
residents’ immune systems may have weakened. During the
COVID-19 pandemic, heightened attention to personal protection
and hygiene practices might have reduced exposure of the immune
system to common viruses. Following the easing of restrictions,
resumption of social activities may have diminished the immune
system’s resistance to the influenza virus, thereby precipitating its
outbreak. Moreover, there was a notable increase in social
gatherings. Post-lockdown, individuals likely resumed more social
and congregational activities such as dining, gatherings, and
tourism. Such congregation could have facilitated the spread of the
influenza virus, contributing to the peak in influenza cases. Finally,
the relaxation of healthcare resource pressures could also have
played a role. During the COVID-19 pandemic, medical resources
were primarily directed toward combating the outbreak,
potentially leading to neglect in the prevention and control of

TABLE 3 Parameters and AlCc of the alternative ARIMA models.

Alternative ARIMA model AlCc

ARIMA(2,0,2) (1,0,1),; Inf

ARIMA(1,0,0) (1,0,0),, 554.387
ARIMA(0,0,1) (0,0,1),, 553.402
ARIMA(0,0,1) (1,0,1),, 555.492
ARIMA(0,0,1) (0,0,2),, 555.519
ARIMA(0,0,1) (1,0,0)12 553.303
ARIMA(0,0,1) (2,0,0),, 555.493
ARIMA(0,0,1) (2,0,1)1, Inf

ARIMA(0,0,0) (1,0,0),, 562.445
ARIMA(1,0,1) (1,0,0),, 555.499
ARIMA(0,0,2) (1,0,0),, 555.499
ARIMA(1,0,2) (1,0,0),; Inf

ARIMA(0,0,1) (1,0,0),, 560.726

The bold values represent the best performing models and parameters. Inf, Infinity.

10.3389/fpubh.2024.1441240

other diseases. Post-lockdown, while healthcare resources might
have eased, reduced vigilance toward COVID-19 may have led to
diminished attention and control measures for influenza, thereby
fostering its transmission.

There have been many previous studies have demonstrated the
association between various diseases and environmental indicators,
including diseases like dengue fever (29, 30), COVID-19 (31-33),
and tuberculosis (34). In the case of influenza, environmental
indicators can influence the occurrence of influenza epidemics
through factors such as the variation and transmission of influenza
virus and the immune status of the population (35). The Cross-
Correlation Function (CCF) measures the correlation between two
variables at different time lags, making it particularly well-suited for
analyzing lagged effects and time-delayed relationships between
variables. Additionally, as the impact of environmental indicators
may exhibit a time lag in disease incidence (36, 37), we investigated
the lagged correlation between influenza incidence and these
environmental indicators.

Our analysis revealed that most of the lagged air pollution
variables exhibited a negative association with influenza incidence.
This implies that as air pollution levels increase, the incidence of
influenza tends to decrease. This negative correlation can, in part,
be attributed to the adverse impact of severe air pollution on the
human immune system, thereby increasing the risk of infectious
diseases (38). However, the manifestation of this weakened
immune system in terms of influenza incidence may not
be immediately evident and could require some time to become
apparent. This phenomenon might also be linked to public
awareness of declining air quality. Following the perception of
deteriorating air quality, individuals may have adopted proactive
protective measures, including reducing outdoor activities and
wearing face masks to mitigate their exposure to air pollution (39).
These self-protective behaviors could contribute to a reduction in
the likelihood of influenza virus transmission, consequently
lowering the incidence of influenza. Moreover, it’s essential not to
overlook the impact of the COVID-19 pandemic in recent years.
From 2019 to 2022, widespread mask-wearing in public to prevent
COVID-19 not only effectively curtailed the spread of the novel
coronavirus but also had the side effect of reducing the

TABLE 4 The performance of the ARIMA(O, 0, 1) (1, 0, 0);, and 10 ARIMAX models.

Model Variable MA(1) SAR(1) AIC AlCc BIC

ARIMA(0,0,1) (1,0,0),, 0.503* 0.387%* 552.910 553.300 563.640
ARIMA(0,0,1) (1,0,0),, with PMZvS(lagS) —0.048%* 0.516* 0.401* 533.560 534.170 546.730
ARIMA(0,0,1) (1,0,0),, with PM,(lag5) —0.068* 0.520% 0.426* 529.740 530.360 542,910
ARIMA(0,0,1) (1,0,0),, with SO,(lag4) —0.084 0.500% 0.387* 550.580 551.180 563.950
ARIMA(0,0,1) (1,0,0),, with NO,(lag4) —0.083 0.499% 0.388* 535.580 536.190 548.800
ARIMA(0,0,1) (1,0,0),, with CO(lag4) —4.254 0.503* 0.399* 536.560 537.170 549.780
ARIMA(0,0,1) (1,0,0),, with O,(lag3) 0.031 0.515% 0.396* 539.990 540.600 553.260
ARIMA(0,0,1) (1,0,0),, with Ave.temp(lag3) 0.007* 0.519% 0.400* 542.630 543.240 555.900
ARIMA(0,0,1) (1,0,0),, with Max.temp(lag3) 0.023* 0.516* 0.397* 542.550 543.160 555.820
ARIMA(0,0,1) (1,0,0),, with Min.temp(lag3) —0.012* 0.524 0.405% 542.620 543.220 555.890
ARIMA(0,0,1) (1,0,0),, with Ave.ws(lag2) —0.067 0.521% 0.387* 546.680 547.280 560.000

#P<0.05; Ave.temp, average temperature; Max.temp, maximum temperature; Min.temp, minimum temperature; Ave.ws, average wind speed. The bold values represent the best performing

models and parameters.
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Chart of fitting and predicting influenza incidence based on ARIMAX (0,0,1)(1,0,0),, with PM,q

transmission of influenza (40). Interestingly, our analysis showed
a positive association between the third-order lagged variable of
O; and influenza incidence. This positive correlation may
be attributed to high concentrations of O; inducing lung
inflammation (41), which weakens the immune system and
heightens susceptibility to infections. Furthermore, O; might also
influence the pathogen’s transmission mode, potentially rendering
it more prone to airborne transmission.

The analysis revealed that influenza incidence demonstrated a
negative association with three distinct temperature variables,
indicating that the higher the temperature, the lower the influenza
incidence. The intricacies of this relationship become more
pronounced when accounting for the temperature’s delayed effects.
The third-order lagged temperature variable demonstrated a
significant positive correlation with influenza incidence. This
observed pattern could be indicative of the seasonal pattern of
influenza virus transmission, further complicated by temperature’s
influence on human behavior and immune responses. The
transmission of the influenza virus may exhibit nuanced seasonal
variations, influenced by changing atmospheric temperatures (42).
While increasing temperatures generally correlate with reduced
influenza incidence, the full manifestation of this trend may
experience delays due to the time-sensitive nature of human
immune and behavioral adjustments. This suggests that
people may still be at risk of spreading the flu virus for some
time after the temperatures rise. Notably, behavioral patterns
also shift in response to seasonal temperature changes. During
warmer periods, increased outdoor activities and social
interactions could inadvertently amplify influenza transmission
risks, potentially leading to a spike in cases as temperatures rise.
In relation to average wind speed, while the mean value
demonstrated no significant correlation with influenza, the
second-order lagged wind speed showed a significant negative
correlation with influenza incidence, indicating that wind
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speed also has a long-term lag negative correlation effect on
influenza incidence.

We utilized time series analysis to examine the correlation
between influenza incidence and environmental indicators in
Fuzhou from January 2014 to September 2023. The environmental
indicators encompassed air pollution variables (PM, 5, PM,,, SO,,
CO, NO,, and O;) and meteorological factors (mean temperature,
minimum temperature, maximum temperature, and wind speed).
In our study, the time series data of influenza incidence in Fuzhou
from January 2014 to September 2023 were found to be stationary
and exhibited seasonal distribution. However, since the model
used in the study was able to effectively capture the seasonal
effects, there was no need to difference the time series data of
influenza incidence. We also experimented with introducing
seasonal differences in the time series data of influenza incidence;
however, we observed that this adjustment did not lead to an
improvement in the model’s performance. Therefore, the data of
influenza incidence were not processed by differencing in this
study. First, the ARIMA(0, 0, 1) (1, 0, 0),, model was identified as
the most optimal ARIMA model for forecasting influenza
incidence in Fuzhou, with AIC, AICc, and BIC values of 552.910,
553.300, and 563.640, respectively. This model was employed to
fit the training set, yielding a fitting RMSE of 3.002. Subsequently,
the model was utilized for prediction analysis on the test set,
yielding a predicting RMSE of 12.475. To enhance prediction
accuracy, the maximum lag correlation variables of environmental
indicators during the study period were incorporated into the
optimal ARIMA model. The results demonstrated that the AIC,
AICc, and BIC values of the 10 ARIMAX models, each including
a single environmental index, were lower than those of the
ARIMA(0, 0, 1) (1, 0, 0);, model. This suggested that considering
environmental indicators could enhance the predictive
performance of the model. Comparing the AIC, AICc, and BIC

values of all ARIMAX models, the ARIMAX(0, 0, 1) (1, 0, 0),, with
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PM,,(lag5) model had the lowest AIC, AICc, and BIC values,
specifically 529.740, 530.360, and 542.910, respectively. Moreover,
this model exhibited a fitting RMSE of 2.999 and a predicting
RMSE of 12.033, both of which were superior to the optimal
ARIMA model. The ARIMAX(0, 0, 1) (1, 0, 0),, with PM,,(lag5)
model can be effectively employed for short-term prediction of
influenza incidence in Fuzhou. This approach provides a
scientifically grounded basis for formulating influenza control
policies and public health interventions in Fuzhou.

The findings from our study suggest several implications for
further research. Firstly, there is a need to explore the specific
mechanisms through which environmental factors, such as air
pollution and meteorological conditions, influence influenza
transmission dynamics. Additionally, future studies could
investigate the applicability of the ARIMAX model in
different geographical contexts and for other infectious
diseases. Expanding the dataset to include more diverse
populations and environmental conditions could enhance the
robustness of predictive models. Lastly, interdisciplinary research
health,
epidemiology will be essential for developing comprehensive

integrating public environmental science, and
strategies to mitigate the impact of influenza and improve public
health preparedness.

In our study, we examined both ARIMA and ARIMAX
modeling approaches to analyze influenza incidence in Fuzhou.
The strengths of the ARIMA model include its simplicity and
strong theoretical foundation, making it effective for stationary
time series data. However, it does not account for external factors,
which can limit its explanatory power. On the other hand, the
ARIMAX model allows for the incorporation of exogenous
variables, enhancing predictive accuracy and capturing lagged
effects, which is crucial for understanding the impact of
environmental indicators. Nevertheless, the ARIMAX model
introduces complexity and relies heavily on the quality of data for
the exogenous variables, which can pose challenges in
interpretation and model validation. Ultimately, the ARIMAX
model provided a more comprehensive analysis for our research
questions. While the ARIMAX(0, 0, 1) (1, 0, 0),, with PM,,(lag5)
model incorporating environmental indicators provides valuable
insights into the relationship between these factors and influenza
incidence, it is essential to acknowledge its limitations. Firstly, the
model relies heavily on historical data, which may not capture
sudden changes in environmental conditions or emerging
infectious disease patterns. Additionally, while environmental
indicators such as air pollution and meteorological factors are
significant, they are not the sole determinants of influenza
occurrence. Biological factors, human behavior, and public health
interventions also play crucial roles. Thus, while our statistical
analysis demonstrates a correlation, it does not imply causation,
and the model’s predictions should be interpreted with caution.
Therefore, while our findings suggest a potential relationship,
further research, including controlled studies and experimental
designs, is necessary to establish definitive causal links between
environmental pollution factors and influenza incidence.
Additional, future research should consider integrating biological
and socio-economic factors to enhance the comprehensiveness of
predictive models.
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5 Conclusion

The incidence of influenza in Fuzhou has shown a significant
increase in the past decade. Our study indicates that air pollution and
meteorological factors exert an impact on influenza incidence, often
exhibiting a lag effect. The ARIMAX(0, 0, 1) (1, 0, 0),, with PM,,(lag5)
model was developed using historical data on influenza incidence and
air pollutant levels in Fuzhou, demonstrated excellent predictive
performance for forecasting influenza incidence. Therefore, the
ARIMAX(0, 0, 1) (1, 0, 0),, with PM,,(lag5) model could provide a
scientific basis for the formulation of influenza control policies and
public health interventions in Fuzhou.

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors, without undue reservation.

Author contributions

XZhe: Supervision, Data curation, Writing - original draft,
Validation, Formal analysis. QC: Visualization, Writing - original
draft, Validation, Formal analysis. MS: Writing - review & editing,
Validation. QZ: Writing - review & editing, Formal analysis, Data
curation. HS: Writing - review & editing, Validation. XZha: Writing
- review & editing, Supervision, Resources, Conceptualization. YX:
Writing - review & editing, Visualization, Supervision, Resources,
Project administration, Conceptualization.

Funding

The author(s) declare that financial support was received for the
research, authorship, and/or publication of this article. This research
was financially supported by Fuzhou Science and Technology Major
Project (2019-SZ-63, 2020-Z-5, and 2022-S-032), and Fujian
Provincial Health and Family Planning Commission, China
(2021Z01001).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

frontiersin.org


https://doi.org/10.3389/fpubh.2024.1441240
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Zheng et al.

References

1. Macias AE, McElhaney JE, Chaves SS, Nealon J, Nunes MC, Samson SI, et al. The
disease burden of influenza beyond respiratory illness. Vaccine. (2021) 39:A6-A14. doi:
10.1016/j.vaccine.2020.09.048

2. Moriyama M, Hugentobler WJ, Iwasaki A. Seasonality of respiratory viral infections.
Annu Rev Virol. (2020) 7:83-101. doi: 10.1146/annurev-virology-012420-022445

3. Zhang R, LiY, Bi P, Wu S, Peng Z, Meng Y, et al. Seasonal associations between air
pollutants and influenza in 10 cities of southern China. Int ] Hyg Environ Health. (2023)
252:114200. doi: 10.1016/j.ijheh.2023.114200

4. Zhou L, Yang H, Pan W, Xu ], Feng Y, Zhang W, et al. Association between
meteorological factors and the epidemics of influenza (sub)types in a subtropical basin
of Southwest China. Epidemics. (2022) 41:100650. doi: 10.1016/j.epidem.2022.100650

5.Jia P, Liu S, Yang S. Innovations in public health surveillance for emerging
infections. Annu Rev Public Health. (2023) 44:55-74. doi: 10.1146/annurev-
publhealth-051920-093141

6. Cobey S. Modeling infectious disease dynamics. Science. (2020) 368:713-4. doi:
10.1126/science.abb5659

7. Maze MJ, Sharples KJ, Allan KJ, Biggs HM, Cash-Goldwasser S, Galloway RL, et al.
Estimating acute human leptospirosis incidence in northern Tanzania using sentinel site
and community behavioural surveillance. Zoonoses Public Health. (2020) 67:496-505.
doi: 10.1111/zph.12712

8. Guo X, Shen H, Liu S, Xie N, Yang Y, Jin J. Predicting the trend of infectious
diseases using grey self-memory system model: a case study of the incidence of
tuberculosis. Public Health. (2021) 201:108-14. doi: 10.1016/j.puhe.2021.09.025

9. Zhang L, Zheng Y, Wang K, Zhang X, Zheng Y. An optimized Nash non-linear grey
Bernoulli model based on particle swarm optimization and its application in prediction
for the incidence of hepatitis B in Xinjiang. China Comput Biol Med. (2014) 49:67-73.
doi: 10.1016/j.compbiomed.2014.02.008

10. Xu B, Li J, Wang M. Epidemiological and time series analysis on the incidence and
death of AIDS and HIV in China. BMC Public Health. (2020) 20:1906. doi: 10.1186/
512889-020-09977-8

11. Ruiz MS, O'Rourke A, Allen ST. Impact evaluation of a policy intervention for HIV
prevention in Washington. DC AIDS Behav. (2016) 20:22-8. doi: 10.1007/5s10461-015-1143-6

12. Wei W, Wang G, Tao X, Luo Q, Chen L, Bao X, et al. Time series prediction for the
epidemic trends of monkeypox using the ARIMA, exponential smoothing, GM (1, 1)
and LSTM deep learning methods. ] Gen Virol. (2023) 104:839. doi: 10.1099/jgv.0.001839

13. Wang Y, Yan Z, Wang D, Yang M, Li Z, Gong X, et al. Prediction and analysis of
COVID-19 daily new cases and cumulative cases: times series forecasting and machine
learning models. BMC Infect Dis. (2022) 22:495. doi: 10.1186/s12879-022-07472-6

14. Garcia KKS, Abrahdo AA, Oliveira AFM, Henriques KMD, de Pina-Costa A,
Siqueira AM, et al. Malaria time series in the extra-Amazon region of Brazil:
epidemiological scenario and a two-year prediction model. Malar J. (2022) 21:157. doi:
10.1186/512936-022-04162-1

15. Liao Z, Lan P, Fan X, Kelly B, Innes A, Liao Z. SIRVD-DL: a COVID-19 deep
learning prediction model based on time-dependent SIRVD. Comput Biol Med. (2021)
138:104868. doi: 10.1016/j.compbiomed.2021.104868

16. Wu Z, Chen Z, Long S, Wu A, Wang H. Incidence of pulmonary tuberculosis
under the regular COVID-19 epidemic prevention and control in China. BMC Infect
Dis. (2022) 22:641. doi: 10.1186/512879-022-07620-y

17. Ahn SM, Eun S, Ji S, Hong S, Lee CK, Yoo B, et al. Incidence of rheumatic diseases
during the COVID-19 pandemic in South Korea. Korean ] Intern Med. (2023) 38:248-53.
doi: 1043904/kjim.2022.135

18. Peng R, Wang Y, Zhai J, Zhang J, Lu Y, Yi H, et al. Driving effect of multiplex factors
on human brucellosis in high incidence region, implication for brucellosis based on one
health concept. One Health. (2022) 15:100449. doi: 10.1016/j.onehlt.2022.100449

19. Abdulsalam FI, Antunez P, Yimthiang S, Jawjit W. Influence of climate variables
on dengue fever occurrence in the southern region of Thailand. PLOS Glob Public
Health. (2022) 2:¢0000188. doi: 10.1371/journal.pgph.0000188

20. Nelson BK. Statistical methodology: V. Time series analysis using autoregressive
integrated moving average (ARIMA) models. Acad Emerg Med. (1998) 5:739-44. doi:
10.1111/j.1553-2712.1998.tb02493.x

21. Wang M, Jiang Z, You M, Wang T,MaL,LiX, etal. An autoregressive integrated
moving average model for predicting varicella outbreaks — China, 2019. China CDC
Wkly. (2023) 5:698-702. doi: 10.46234/ccdcw2023.134

Frontiers in Public Health

11

10.3389/fpubh.2024.1441240

22.Li ZQ, Pan HQ, Liu Q, Song H, Wang JM. Comparing the performance of time
series models with or without meteorological factors in predicting incident pulmonary
tuberculosis in eastern China. Infect Dis Poverty. (2020) 9:151. doi: 10.1186/
540249-020-00771-7

23.1lu SY, Prasad R. Improved autoregressive integrated moving average model for
COVID-19 prediction by using statistical significance and clustering techniques.
Heliyon. (2023) 9:e13483. doi: 10.1016/j.heliyon.2023.e13483

24. Hossain MS, Ahmed S, Uddin MJ. Impact of weather on COVID-19 transmission
in south Asian countries: an application of the ARIMAX model. Sci Total Environ.
(2021) 761:143315. doi: 10.1016/j.scitotenv.2020.143315

25. Zheng Y, Wang K, Zhang L, Wang L. Study on the relationship between the
incidence of influenza and climate indicators and the prediction of influenza incidence.
Environ Sci Pollut Res Int. (2021) 28:473-81. doi: 10.1007/s11356-020-10523-7

26. Ruchiraset A, Tantrakarnapa K. Time series modeling of pneumonia admissions
and its association with air pollution and climate variables in Chiang Mai Province,
‘Thailand. Environ Sci Pollut Res Int. (2018) 25:33277-85. doi: 10.1007/s11356-018-3284-4

27. Kuipers MAG, Beard E, West R, Brown J. Associations between tobacco control
mass media campaign expenditure and smoking prevalence and quitting in England: a
time series analysis. Tob Control. (2018) 27:455-62. doi: 10.1136/
tobaccocontrol-2017-053662

28. Uyeki TM, Hui DS, Zambon M, Wentworth DE, Monto AS. Influenza. Lancet.
(2022) 400:693-706. doi: 10.1016/S0140-6736(22)00982-5

29.Jing QL, Cheng Q, Marshall JM, Hu WB, Yang ZC, Lu JH. Imported cases and
minimum temperature drive dengue transmission in Guangzhou, China: evidence from
ARIMAX model. Epidemiol Infect. (2018) 146:1226-35. doi: 10.1017/
50950268818001176

30. Bostan N, Javed S, Nabgha-E-Amen ESA, Tahir F, Bokhari H. Dengue fever virus
in Pakistan: effects of seasonal pattern and temperature change on distribution of vector
and virus. Rev Med Virol. (2017) 27:¢1899. doi: 10.1002/rmv.1899

31. Roy MP. Temperature and COVID-19: India. BM] Evid Based Med. (2021) 26:e1.
doi: 10.1136/bmjebm-2020-111459

32. Bronte O, Garcia-Garcia F, Lee DJ, Urrutia I, Uranga A, Nieves M, et al. Impact of
outdoor air pollution on severity and mortality in COVID-19 pneumonia. Sci Total
Environ. (2023) 894:164877. doi: 10.1016/j.scitotenv.2023.164877

33.Liu M, Li Z, Liu M, Zhu Y, Liu Y, Kuetche MWN, et al. Association between
temperature and COVID-19 transmission in 153 countries. Environ Sci Pollut Res Int.
(2022) 29:16017-27. doi: 10.1007/s11356-021-16666-5

34. Maharjan B, Gopali RS, Zhang Y. A scoping review on climate change and
tuberculosis. Int ] Biometeorol. (2021) 65:1579-95. doi: 10.1007/s00484-021-02117-w

35.Yang J, Yang Z, Qi L, Li M, Liu D, Liu X, et al. Influence of air pollution on
influenza-like illness in China: a nationwide time-series analysis. EBioMedicine. (2023)
87:104421. doi: 10.1016/j.ebiom.2022.104421

36. Kim J, Kim H, Kweon J. Hourly differences in air pollution on the risk of asthma
exacerbation. Environ Pollut. (2015) 203:15-21. doi: 10.1016/j.envpol.2015.03.040

37.Li Y, Wu ], Hao J, Dou Q, Xiang H, Liu S. Short-term impact of ambient
temperature on the incidence of influenza in Wuhan, China. Environ Sci Pollut Res Int.
(2022) 29:18116-25. doi: 10.1007/s11356-021-16948-y

38. Loaiza-Ceballos MC, Marin-Palma D, Zapata W, Hernandez JC. Viral respiratory
infections and air pollutants. Air Qual Atmos Health. (2022) 15:105-14. doi: 10.1007/
s11869-021-01088-6

39. Wang X, Wang X, Guan X, Xu Y, Xu K, Gao Q, et al. The impact of ambient air
pollution on an influenza model with partial immunity and vaccination. Math Biosci
Eng. (2023) 20:10284-303. doi: 10.3934/mbe.2023451

40. Nielsen RT, Dalby T, Emborg HD, Larsen AR, Petersen A, Torpdahl M, et al.
COVID-19 preventive measures coincided with a marked decline in other infectious
diseases in Denmark, spring 2020. Epidemiol Infect. (2022) 150:e138. doi: 10.1017/
$0950268822001145

41. Kilburg-Basnyat B, Reece SW, Crouch MJ, Luo B, Boone AD, Yaeger M, et al.
Specialized pro-resolving lipid mediators regulate ozone-induced pulmonary and
systemic inflammation. Toxicol Sci. (2018) 163:466-77. doi: 10.1093/toxsci/kfy040

42.Xu Z, Hu W, Williams G, Clements AC, Kan H, Tong S. Air pollution, temperature
and pediatric influenza in Brisbane, Australia. Environ Int. (2013) 59:384-8. doi:
10.1016/j.envint.2013.06.022

frontiersin.org


https://doi.org/10.3389/fpubh.2024.1441240
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.1016/j.vaccine.2020.09.048
https://doi.org/10.1146/annurev-virology-012420-022445
https://doi.org/10.1016/j.ijheh.2023.114200
https://doi.org/10.1016/j.epidem.2022.100650
https://doi.org/10.1146/annurev-publhealth-051920-093141
https://doi.org/10.1146/annurev-publhealth-051920-093141
https://doi.org/10.1126/science.abb5659
https://doi.org/10.1111/zph.12712
https://doi.org/10.1016/j.puhe.2021.09.025
https://doi.org/10.1016/j.compbiomed.2014.02.008
https://doi.org/10.1186/s12889-020-09977-8
https://doi.org/10.1186/s12889-020-09977-8
https://doi.org/10.1007/s10461-015-1143-6
https://doi.org/10.1099/jgv.0.001839
https://doi.org/10.1186/s12879-022-07472-6
https://doi.org/10.1186/s12936-022-04162-1
https://doi.org/10.1016/j.compbiomed.2021.104868
https://doi.org/10.1186/s12879-022-07620-y
https://doi.org/10.3904/kjim.2022.135
https://doi.org/10.1016/j.onehlt.2022.100449
https://doi.org/10.1371/journal.pgph.0000188
https://doi.org/10.1111/j.1553-2712.1998.tb02493.x
https://doi.org/10.46234/ccdcw2023.134
https://doi.org/10.1186/s40249-020-00771-7
https://doi.org/10.1186/s40249-020-00771-7
https://doi.org/10.1016/j.heliyon.2023.e13483
https://doi.org/10.1016/j.scitotenv.2020.143315
https://doi.org/10.1007/s11356-020-10523-7
https://doi.org/10.1007/s11356-018-3284-4
https://doi.org/10.1136/tobaccocontrol-2017-053662
https://doi.org/10.1136/tobaccocontrol-2017-053662
https://doi.org/10.1016/S0140-6736(22)00982-5
https://doi.org/10.1017/S0950268818001176
https://doi.org/10.1017/S0950268818001176
https://doi.org/10.1002/rmv.1899
https://doi.org/10.1136/bmjebm-2020-111459
https://doi.org/10.1016/j.scitotenv.2023.164877
https://doi.org/10.1007/s11356-021-16666-5
https://doi.org/10.1007/s00484-021-02117-w
https://doi.org/10.1016/j.ebiom.2022.104421
https://doi.org/10.1016/j.envpol.2015.03.040
https://doi.org/10.1007/s11356-021-16948-y
https://doi.org/10.1007/s11869-021-01088-6
https://doi.org/10.1007/s11869-021-01088-6
https://doi.org/10.3934/mbe.2023451
https://doi.org/10.1017/S0950268822001145
https://doi.org/10.1017/S0950268822001145
https://doi.org/10.1093/toxsci/kfy040
https://doi.org/10.1016/j.envint.2013.06.022

	Exploring the influence of environmental indicators and forecasting influenza incidence using ARIMAX models
	1 Introduction
	2 Materials and methods
	2.1 Study area and data sources
	2.2 Construction of the seasonal ARIMA model
	2.3 Construction of the ARIMAX model
	2.4 Statistical methods
	2.5 Ethical approval and consent to participate

	3 Results
	4 Discussion
	5 Conclusion

	References

