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Abstract

The influence of meteorological factors on hand, foot, and mouth disease (HFMD) is not on the same scale, it's rare
for previous studies to measure and recognize the independent regression relationship between each variable in
space and time scale. This study used a multiscale geographically and temporally weighted regression (MGTWR)
model to explore the relationship between the incidence of HFMD and related meteorological factors in Shandong
Province, China, during 2015-2019 and attempted to quantify the influence of meteorological factors on HFMD
under different spatiotemporal effects. Meanwhile, we used the Global Moran'’s | statistic and Local Moran’s |
statistic to test the spatial autocorrelation of the incidence of HFMD. HFMD had spatial autocorrelation at the
county level in Shandong Province. The MGTWR model outperformed the OLS and GTWR models in determining
the relationship between meteorological factors and HFMD. The study highlights significant spatiotemporal
non-stationarity in the relationship between meteorological factors and HFMD. Temperature was predominantly
positively correlated with HFMD, especially in the peninsula region during spring and summer. Humidity

exhibited a predominantly positive correlation, especially in the Shandong Peninsula. Precipitation also showed

a positive correlation with HFMD, particularly in western regions and during the winter months. Wind speed had

a predominantly negative correlation with HFMD in the central and southwestern regions. The results might

help public health authorities set priorities for targeted prevention and control measures in different regions and
weather conditions, and provide guidance for the government to rationally allocate public health resources.
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Introduction

Hand, foot, and mouth disease (HFMD) is a common
communicable disease usually affecting children, particu-
larly those aged 5 years and younger [1]. It is caused by
many enteroviruses, of which enterovirus 71 (EV-A71)
and coxsackievirus A16 (CV-A16) are the most common
[2]. Its typical clinical symptoms are a high fever or blis-
ter rash on the hands, feet, mouth, or buttocks [3, 4]. In
China, HFMD was classified as a class C notifiable infec-
tious disease on May 2, 2008 [5]. More than 18 million
HFMD-related cases were reported in Chinese mainland
from 2008 to 2017, and the number of deaths has ranked
in the top three among all notifiable diseases since 2010
[6]. However, there is still a lack of specific therapeutic
drugs. A monovalent HFMD vaccine against EV-A71 has
been marketed in China since 2016, but the incidence of
HEMD remained high in 2020 [7]. Therefore, it could be
very important to explore the main possible risk factors
of HFMD for its prediction and control.

Numerous studies have shown that meteorological
changes have a substantial impact on the incidence and
transmission dynamics of HFMD. For example, higher
temperatures and humidity levels are often associated
with increased HFMD incidence, possibly because these
conditions are conducive to the survival and spread of
the virus [8]. Precipitation and wind speed have also been
found to significantly affect HFMD transmission, partic-
ularly in humid environments and favorable wind speeds,
facilitating the spread of the virus among populations [9,
10]. Meanwhile, studies have also demonstrated that the
incidence of HFMD is non-stationary in time and space
[11]. Therefore, it is essential to study the spatial and
temporal variation patterns of the influence of meteoro-
logical factors on HFMD to understand the transmission
mechanism of the disease and take necessary preventa-
tive measures. Moreover, to optimize the timely alloca-
tion of health resources, it is also crucial for public health
departments to detect the epidemic and its spatial-tem-
poral patterns.

In recent years, many spatiotemporal models have been
widely used to explore the temporal or spatial heteroge-
neity of HFMD. Hong et al. used geographically weighted
regression (GWR) to explore the potential risks of HFMD
in the Inner Mongolia Autonomous Region of China [12].
Yi et al. used geographically and temporally weighted
regression (GTWR) to explore the spatial-temporal char-
acteristics of HFMD and its relationship with meteoro-
logical factors in the Ili river valley region of China [13].
The modeling process of classical GWR operates on the
same spatial scale, setting the same spatial bandwidth
for each variable [14]. This assumption disregards the
scale differences between variables. Similarly, the GTWR
model only applies a fixed spatial-temporal bandwidth
when calibrating regression relationships, treating it
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as a weighted average of different levels of spatial and
temporal heterogeneity [15]. In recent years, traditional
GWR and GTWR have been extensively applied in the
field of infectious diseases [16—19]. Based on the above
two models, Wu et al. studied the multiscale geographi-
cally and temporally weighted regression (MGTWR)
model and proposed that in order to measure and iden-
tify the scale of different processes and quantify the level
of spatiotemporal heterogeneity [20], it is necessary to
integrate spatiotemporal information into the weighted
matrix to study spatiotemporal models at different scales.
Previous studies have shown that the spread of HFMD is
closely related to meteorological factors such as tempera-
ture and humidity [7], precipitation [21], sunshine hours
[22], air pressure [23], and wind speed [24], as well as
seasonal factors [25], and the influence of these factors is
definitely not on the same scale. MGTWR with a flexible
bandwidth can compensate for GTWR when measuring
and recognizing independent regression relationships
between variables at space and time scales.

In this study, we attempted to explore the spatial and
temporal heterogeneity of the incidence of HFMD
and quantify the influence of meteorological factors
on HFMD at different spatiotemporal scales. First, the
Global Moran’s I statistic and Local Moran’s I statistic
were used to investigate the spatial autocorrelation of
HFMD. Second, the MGTWR model was introduced
to analyze the relationship between HFMD and meteo-
rological factors. Meanwhile, the MGTWR model was
compared with the ordinary least squares (OLS) model
and the GTWR model to verify its significant improve-
ment in model fitting and explanatory power. Third, the
spatiotemporal heterogeneity of the effects of meteo-
rological factors on HFMD was displayed at the county
scale.

Methods

Study area

Shandong Province, with a total area of 158,000 km?,
is located in eastern China, 34°25’ to 38°23’ N latitude
and 114°36’ to 122°43’ E longitude. Shandong has a resi-
dent population of nearly 100 million, ranking second in
China, which contributes to the high incidence and rapid
spread of HFMD. The high population density, particu-
larly in urban areas, facilitates the transmission of the
virus among children and exacerbates the severity of the
outbreak [26]. Shandong is characterized by a diverse
landscape that includes the densely populated North
China Plain, the mountainous regions in the central
and eastern parts, and an extensive coastline. The var-
ied terrain affects local climate conditions, which in turn
influence the transmission dynamics of HFMD. The cli-
mate belongs to the warm-temperate monsoon climate,
with four distinct seasons, concentrated precipitation,
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rain and heat occurring at the same time, short spring
and autumn, and long winter and summer. The corre-
sponding relationship between month and season was
spring (March - May), summer (July - August), autumn
(September - November), and winter (December - Feb-
ruary). The geographical and climatic diversity of Shan-
dong makes it an ideal region for studying the impact
of meteorological factors on HFMD incidence, which
can provide information for public health strategies and
interventions in similar regions.

Given that the county administrative level is usu-
ally used for HFMD decision-making in China [27], the
county was chosen as the spatial analysis unit in this
study. Shandong includes 16 municipal districts and
a total of 137 subdistricts (counties) (Fig. 1). The geo-
graphic information of each county, such as longitude
and latitude, was collected from the National Center for
Earth System Science and Data (http://www.geodata.cn/

).

HFMD and demographic data

Data on HFMD cases were extracted from the China
Information System for Disease Control and Preven-
tion (CISDCP). The diagnosis of HFMD was based on
the clinical criteria in the HFMD Control and Preven-
tion Guide provided by the Chinese Ministry of Health
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[28]. As a notifiable disease, all probable and confirmed
HFMD cases must be reported online to CISDCP using
a standardized form within 24 h of diagnosis. According
to the preliminary analysis, more than 99% of reported
HFMD cases were less than 15 years old, so this study
only included cases under 15 years old reported in Shan-
dong Province from 2015 to 2019. Meanwhile, we defined
the population aged 0-15 in each county as a high-risk
group.

It was more reasonable to use the monthly cumula-
tive incidence (CI), which was defined as the ratio of the
number of monthly reported HFMD cases to the size of
the population at risk in the county. However, there were
some months in the dataset where no cases occurred at
the county level. Zero values can lead to biased param-
eter estimates. In models such as Poisson distribution,
zero values may result in underestimation of the risk
probability. When zero values are prevalent, the model
may underestimate the actual disease risk, thereby affect-
ing disease prevention and control strategies. Addition-
ally, the presence of zero values can lead to instability
during model fitting and affect the convergence of model
parameters. Therefore, we used a hierarchical Bayes-
ian model to adjust the crude CI of HFMD [29, 30]. This
model included both unstructured and structured ran-
dom effects to account for spatial and temporal variations
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Fig. 1 The location of the study area, Shandong Province in China.(Sources: http://www.geodata.cn/, the map was edited using ArcGIS 10.8)
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in the data. The model was implemented using Markov
Chain Monte Carlo (MCMC) simulations in WinBUGS
1.4.3, with a burn-in period of 6000 iterations to ensure
convergence. The posterior distributions of the model
parameters were obtained from the MCMC simulations.
Specifically, we used the posterior means of the adjusted
cumulative incidence (CI,) as the dependent variable in
the MGTWR model. The CI, represents the monthly
incidence rates of HFMD adjusted for spatial and tempo-
ral random effects. Details on the method are provided in
Text A in the Supplementary Materials.

Meteorological data

The monthly meteorological data were obtained from
the China Meteorological Data Sharing Service System
(https://data.cma.cn/), including average temperature
(AT, 'C), average relative humidity (ARH, %), average air
pressure (AP, KPa), total precipitation (TP, mm), average
wind speed (AWS, m/s), and total sunshine hours (SH,
h). In order to eliminate the influence of units, meteoro-
logical factors were standardized.

Model building

GTWR model

Huang et al. proposed the GTWR model [15], it can be
expressed as follows:

Yi =08, v, t;) + Z 1B w(ui, vi, )X+ €5

Where Y; and X;;are the response variable and the
explanatory variables of each space-time location
i(i=1,2,...,n), respectively. 8 (u;, v;, t;) is the con-
stant of the point 4, /5 (u;, v;, t;) is the regression coef-
ficient of the k' (k = 1,2,... ,m) explanatory variable at
the point 5 .

Similarly, the § ; (u;, v;, t;)estimation can be expressed
as follows:

ﬁ (U;j, Vi, ti) = [XTVV (u,,'., Vi, f7) X} 71XTW (’IL;,7 Vi, IL,)Y

where W (u;, v;, t;) = diag(a 1, ajo, ..., @) and
n is the number of observations. Here the diagonal ele-
ments & (1 < j < n) are space-time distance functions
of (u, v, t) corresponding to the weights when calibrating
a weighted regression adjacent to observation point ¢ .

Given a spatial distance d,bj and a temporal distance d?j,
we can combine them to form a space-time distance d;%T7
which can be expressed as:

ST S T
BT =Nd2 + pd,

512 2 2 T\2 2
Where<dij> = (u; —u;)” + (v; — v;)", (dz'j) =t —t)
, A and M are scale factors in their respective metric
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systems, respectively, to balance the different influences
used to measure spatial and temporal distance. Using
Euclidean distance and Bi-square Kernel function to con-
struct a space-time weight matrix, we will have

T =\ [(ui — )’ + (v; — %)2} ot —t;)

Where t; and ; are observed times at locations ;s and J.

2
2
aT . ST
— L] D )
0% ij = (1 <h5T> ) ’ Zf dU S hST

0, otherwise

2 o2
Where(dfj) = (u; — uj)2 + (v; — 11J~)2, (df]) =(t; — tj)2
, hsr is the parameters of spatiotemporal bandwidths,
respectively. The relationship between different band-

widths can be expressed as:
hg = hQST/)‘v hy = h?S”T/H'

hg, hrare the parameters of spatial and temporal band-
widths, respectively. Let 7denote the parameter ratio
/X and A # 0. The essential effect of 7 is to match
spatial distance by enlarging or reducing the effect of
temporal distance. Without loss of generality, previous
studies usually set A = 1 to reduce the number of param-
eters in practice.

MGTWR model
The MGTWR model is an extension of the GTWR model
by Wu et al. [20], can be expressed as follows:

m
Y, = 8 bwty—sp (UH Vi, tV) + § k*lﬂ bwt—sp, (U’N Vi, t') Xik + €

where (u;,v;,t;) denotes the space-time coordinates of
the point ¢ (i = 1,2,... ,n) in space, t; is the observa-
tion time, Y; is the dependent variable at the point 4,
and X;; is the k' (k = 1,2,... ,m) explanatory variable
at the point i, bmrso(ui, v;, 1;) is the regression con-
stant of the point i, & pur, s, (Wis Vi i) is the regression
coefficient of the !" explanatory variable at the point ¢
, bwt;_g, is the spatiotemporal bandwidth calculated
for the [!" regression relationship based on the specific
temporal bandwidth bwt;and spatial bandwidth bws;.
The modeling of MGTWR is similar to the GTWR men-
tioned in Sect. 2.4.1.

Model calibration

For the GTWR model, we selected the optimal band-
widths based on the corrected Akaike Information Cri-
terion (AICc) [31]. The MGTWR model was calibrated
using the back-fitting method of maximum likelihood
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estimation [32]. When the change of score (SOC)
between each successive iteration was small enough, the
iteration of MGTWR terminated. SOC was compared
with §, and this study defined §=10"2 for MGTWR cali-
bration. If SOC<§, the model iteration was terminated,
and the estimated coefficients of the last iteration were
the final estimated coefficients. In addition, the maxi-
mum spatial scale was initially estimated based on the
geographic distribution of the study region, while the
maximum temporal scale was defined by the period of
data collection. Details on the methods and calculations
for bandwidth selection are provided in Text B in the
Supplementary Materials.

Statistical analysis

Firstly, the Global Moran’s 7 [33, 34] was used to detect
the global spatial autocorrelation of the incidence of
HFMD. The Local Moran’s I was then performed to
determine the local spatial autocorrelation of the inci-
dence of HFMD. Secondly, three models, including OLS,
GTWR, and MGTWR, were constructed. R? adjusted
R?%, AICc, and root mean square error (RMSE) were used
to evaluate the goodness-of-fit of the model. Thirdly, we
conducted a hypothesis test, assuming that all indepen-
dent variables were non-stationary, and established the
F statistic [35] to detect the space-time variation of the
coefficients. Finally, the pseudo-t test was used to test the
significance of the estimated local parameters [36], and
the regions with significant coefficients (P<0.05) were
selected for visual analysis. The significant rate (SR) rep-
resented the proportion of times where the influence of
each meteorological factor on HFMD incidence was sta-
tistically significant at the 5% level.

R4.1.3 was used for basic statistical analysis and spatial
autocorrelation detection. The models and procedures
described in this study were implemented using an exist-
ing Python library available on GitHub. Specifically, we
utilized the code from the MGTWR model repository
maintained by Sunkun (2019). The repository can be
accessed through https://github.com/sunkun1997/mgtwr
. ArcGIS 10.8 was used for spatial data visualization.

Results

Description of HFMD

From January 1, 2015, to December 31, 2019, a total of
418,432 HFMD cases (0-15 years) were reported in
Shandong Province. There were 255,618 male patients
and 162,814 female patients, with an average male-to-
female ratio of 1.57:1. Figure 2(a) shows the monthly
distribution of the logarithm of CI, during the study
period, presenting a significant seasonality. The appar-
ent peak of HFMD occurred from May to August, with
a secondary peak in November. The two peaks accounted
for 80.51% of all reported cases. Figure 2(b) displays the
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spatial distribution of CI, (per 100,000 people). In cen-
tral, northern, southern, and coastal regions, the CI,
might exceed 1500 per 100,000 people, while in counties
with low incidence, it is less than 250 per 100,000 people.
It can be seen that the distribution of HFMD in Shan-
dong Province has spatial heterogeneity.

Table 1 shows that there was a high global spatial
autocorrelation of HFMD in each epidemic year at the
county level in Shandong Province from 2015 to 2019
(Moran’s 1>0.35, P<0.001). The results of local spatial
autocorrelation are displayed in Fig. 2(c), indicating that
the distribution of HFMD had obvious spatiotemporal
characteristics. Except that most areas of Jinan City and
some areas of Qingdao City were High-High cluster (HH)
regions within 5 years, the distribution of Low-High
outlier (LH) and Low-Low cluster (LL) regions varied
with time. There were almost no High-Low outlier (HL)
regions during the study period.

Description of meteorological factors

The results of Spearman correlation test are shown in
Table 2. In this study, we considered the variables to be
strongly correlated if their correlation coefficient (|r|)
was 0.7 or higher [37]. Variables with such high correla-
tion coefficients can lead to multicollinearity, which can
inflate the variance of the coefficient estimates and make
the model unstable. Therefore, to ensure the stability and
interpretability of the model, we excluded SH and AP
from the analysis due to their strong correlation with AT
("s=-0.76 and 0.83, respectively).

Figure 3 shows the monthly distribution of meteoro-
logical factors from January 2015 to December 2019. The
AT showed a clear cyclical pattern with significant sea-
sonal variations. Peaks were observed annually, indicat-
ing higher temperatures in summer. The ARH fluctuated
greatly over time, with lower values usually observed in
spring. The AWS exhibited considerable variability over
several months, with no clear cyclical or seasonal pat-
terns. The TP showed significant seasonal peaks, primar-
ily occurring in July and August.

Determining the optimum model and bandwidths

The model fitting evaluations of the MGTWR model,
OLS model, and GTWR model are presented in Table 3.
The GTWR model showed significant improvement
over the OLS model, With the adjusted R* increasing
from 0.43 to 0.81, the AICc decreasing from 28234.41 to
21180.57, and the RMSE decreasing from 1.35 to 0.66.
Compared with the GTWR model, the adjusted R? of the
MGTWR model increased from 0.81 to 0.92, while AICc
and RMSE decreased from 21180.57 to 0.66 to 17965.28
and 0.41, respectively. It can be seen that the MGTWR
model improved the model fitting.
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Fig. 2 Temporal and spatial distribution pattern of HFMD in Shandong Province, 2015-2019. The shading of the areas of Fig. 2(b) represents the HFMD
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Table 1 The global spatial autocorrelation analysis of HFMD
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Table 3 Performance evaluation of OLS, GTWR, and MGTWR

cases in Shandong Province, 2015-2019 models

Year Moran’s | Z-score P-value Model R? Adjusted R? AlCc RMSE
2015 044 851 <0.001 OLS 043 043 28234.31 1.35
2016 045 8.63 <0.001 GTWR 0.86 0.81 21180.57 0.66
2017 0.36 7.01 <0.001 MGTWR 0.95 092 17965.28 0.41
2018 044 851 <0.001 Note AlCc represents the Akaike Information Criterion, and RMSE represents the
2019 037 718 <0.001 root mean square error

Table 2 Spearman correlation coefficient between meteorological factors

Meteorological factors AT ARH AP TP AWS SH
AT 1

ARH 045 1

AP -0.76 -0.31 1

P 0.68 0.64 -0.69 1

AWS -0.32 -0.57 0.21 -0.32 1

SH 0.83 0.08 -0.75 0.60 0.02 1

Table 4 shows the bandwidths of the GTWR and
MGTWR models. The GTWR model used fixed band-
widths, with temporal and spatial bandwidth sizes of
1.96 months and 57.50 km, respectively. The results of
the MGTWR model showed that the temporal and spa-
tial bandwidths of each meteorological factor were dif-
ferent, with the temporal bandwidths ranging from 1.48
months to 2.92 months and spatial bandwidths ranging
from 20.73 km to 86.77 km, all of which did not exceed
the maximum temporal and spatial scales of this study.

Effects of the meteorological factors on HFMD

As shown in Table 5, the parameters of the MGTWR
model exhibit obvious spatiotemporal non-stationarity.
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Fig. 3 Monthly distribution of meteorological factors

Figure 4 illustrates the monthly SR of various meteoro-
logical factors affecting the HFMD incidence over 60
months. The SR for AT consistently exceeded 0.85 for
most of the period. The impact of AT was most signifi-
cant in the spring and summer months. The SR of ARH
varied throughout the year, with the most significant
effects observed during the summer months. On the con-
trary, in winter, its SR decreased. The impact of AWS was
most notable in the autumn and early winter months, as
indicated by the higher SR values during these periods.
TP showed the most significant effects in the spring and
summer months.

Figures 5, 6, 7 and 8 illustrate the spatial and tempo-
ral variations in the relationship between meteorological
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Table 4 Temporal and spatial bandwidths of GTWR and MGTWR models
Meteorological factors MGTWR GTWR
dr (month) dg (km) dr (month) dg (km)
AT 2.92 37.27 1.96 57.50
ARH 157 86.77
TP 148 79.34
AWS 191 20.73

Note dTand ds refer to the temporal bandwidth and spatial bandwidth, respectively. The maximum bandwidths of dTand dg are 60 months and 814.74 km,

respectively

Table 5 Non-stationarity of parameters in the MGTWR model

Meteorological factors F P-Value
AT 13.90 <0.001
ARH 14.49 <0.001
TP 2373 <0.001
AWS 39.53 <0.001

factors and HFMD incidences from January 2015 to
December 2019. The influence of AT on HFMD was pre-
dominantly positive in most times and regions (Fig. 5).
The coefficient was significantly higher in the peninsula
region compared to other areas. In some months, a nega-
tive correlation appeared in the southwestern part of
Shandong province.

The relationship between ARH and HFMD  inci-
dences was predominantly positive (Fig. 6). Spatially,
the relationship in the Shandong Peninsula showed a

Monthly Significant Rate - AT

consistent positive correlation most of the time, suggest-
ing that higher ARH in this region was associated with
an increase in HFMD cases. In contrast, the relationship
in other regions displayed negative correlations only in
certain winter months, indicating that higher humidity in
these areas was associated with lower HFMD incidences
during specific periods.

The influence of AWS on HFMD incidence was mainly
negative in the central and southwestern regions of Shan-
dong province (Fig. 7). The coefficient values for most
counties were between —0.74 and 0. In some months,
such as November 2016 to March 2017, a marked neg-
ative correlation was observed in the northwestern
regions. Conversely, the HFMD incidence in the Shan-
dong Peninsula increased with higher wind speeds most
of the time.
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Fig. 4 Monthly Significant Rate Variation by Different Meteorological Factors
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Fig. 5 Spatial variation of the estimated coefficient of AT from January 2015 to December 2019. Areas of the map with red color represent positive cor-
relations and blue color represent negative correlations. The darker the color, the higher the absolute value of the correlation coefficient.(Sources: http://

www.geodata.cn/, the map was edited using ArcGIS 10.8)
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Fig. 6 Spatial variation of the estimated coefficient of ARH from January 2015 to December 2019. Areas of the map with red color represent positive cor-
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Fig. 7 Spatial variation of the estimated coefficient of AWS from January 2015 to December 2019. Areas of the map with red color represent positive cor-
relations and blue color represent negative correlations. The darker the color, the higher the absolute value of the correlation coefficient.(Sources: http://
www.geodata.cn/, the map was edited using ArcGIS 10.8)
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Fig. 8 Spatial variation of the estimated coefficient of TP from January 2015 to December 2019. Areas of the map with red color represent positive cor-
relations and blue color represent negative correlations. The darker the color, the higher the absolute value of the correlation coefficient. (Sources: http://
www.geodata.cn/, the map was edited using ArcGIS 10.8)
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TP was significantly positively correlated with HFMD
in most months, except for the peninsula region (Fig. 8).
The influence of TP increased towards the western
regions, with higher coefficients indicating a stronger
positive correlation. In addition, the impact of TP on
HEMD incidence was significantly higher in winter. Some
coastal peninsula regions displayed negative correla-
tions in some months, but they were unstable and may
be associated with substantial temporal variations in
precipitation.

Discussion

Shandong Province has been one of the most serious
HFMD epidemic areas in China. The spatial autocorre-
lation test indicated that HFMD had significant spatial
autocorrelation at the county level in Shandong Prov-
ince. The occurrence of HFMD was seasonal, but it also
had obvious spatial heterogeneity. A notable finding in
our study was the overall lower CI, in 2019 compared
to other years. The sudden drop in HFMD incidence
observed in September 2019 further highlights this
anomaly. One reason is that the EV-A71 vaccine was
first introduced in China in 2016 and widespread vac-
cination began in 2018. By the end of 2018, nearly 30%
of children had received two doses of the vaccine, which
has been proven highly effective in preventing infec-
tions, especially in children under five years old [38, 39].
This vaccination effort may explain the decline in cases
observed in 2019. Additionally, the Local Moran’s I analy-
sis also revealed different patterns in the eastern Shan-
dong Peninsula region in different years, with LL clusters
in 2016 and HH clusters in 2017 and 2018. These patterns
may indicate a shift in disease dynamics, possibly due to
changes in environmental conditions, human behavior, or
healthcare accessibility. The LL pattern in 2016 suggests a
period of lower incidence in these areas, potentially due
to effective control measures or lower transmission rates.
In contrast, the HH patterns in 2017 and 2018 could be
due to outbreaks or increased transmission rates influ-
enced by factors such as high temperatures and humidity,
which are conducive to the spread of HFMD virus.

In this study, the MGTWR model was used to inves-
tigate the impact of meteorological factors on the trans-
mission of HFMD from a spatiotemporal perspective. By
comparing with the traditional OLS model and GTWR
model, we found that the MGTWR model had great
improvements in model explanatory power and model
fitting. This further indicates that classical statistical
methods may have certain biases without considering
spatial autocorrelation.

Based on the coefficient estimates of the MGTWR
model, some informative spatiotemporal patterns of the
influence of meteorological factors on HEMD have been
revealed. We found that the impact of AT on HFMD was
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predominantly positive within one year, and the influ-
ence intensity and SR were greater than other factors,
which was consistent with previous studies on the effect
of AT [7, 40, 41]. Studies have shown that high tempera-
tures can facilitate the transmission of enteroviruses by
enhancing viral survival and reproduction rates [42, 43].
In addition, warmer weather increases children’s outdoor
activities, which leads to close contact between them.
The spatial variation of the coefficients suggests that the
impact of temperature on HFMD is not uniform in dif-
ferent regions, which may be related to the differences
in local climate conditions and population density. The
occurrence of negative correlations may be related to the
interaction between extreme climate conditions and vari-
ous meteorological factors. For instance, extreme weather
conditions, such as low humidity combined with high
temperatures, can create an unfavorable environment for
the virus or restrict children’s activities, thereby reducing
transmission rates. The spatial heterogeneity of relation-
ship between temperature and HFMD underscores the
importance of considering local environmental factors in
disease prevention and control strategies. For example,
the impact of temperature on HFMD in a certain region
is more significant than in other regions, indicating that
local climatic and environmental factors may amplify the
effect of temperature on HFMD transmission.

The spatiotemporal patterns of the relationship
between ARH and HFMD observed in this study can be
explained by several factors. Firstly, the overall positive
correlation suggests that a higher ARH generally creates
favorable conditions for the survival and transmission of
the HFMD virus. The virus tends to thrive in more humid
environments, which can facilitate its spread through
respiratory droplets and contact with contaminated sur-
faces [44]. Secondly, the consistent positive correlation in
the Shandong Peninsula can be attributed to climatic and
environmental conditions in the region, which are con-
ducive to the spread of HEMD. Coastal climate typically
features high ARH levels, which, combined with dense
populations and high mobility, can enhance the trans-
mission of the virus. Thirdly, in certain winter months,
the negative correlations observed in other regions may
be due to the combined effects of low temperatures and
high humidity, which could limit outdoor activities and
reduce contact between children. Despite high ARH lev-
els, this seasonal effect may reduce the chances of HFMD
transmission.

The predominantly positive correlation between TP
and HFMD suggests that higher rainfall generally leads
to an increase in HFMD cases. Increased precipitation
can create more favorable conditions for the transmission
of enteroviruses that cause HFMD. Rainfall can enhance
the survival and spread of these viruses in the environ-
ment, especially in regions with inadequate sanitation
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and drainage systems. This is supported by studies such
as those by Koh et al. [45], which highlight the role of cli-
matic conditions in HFMD outbreaks in Asia. Further-
more, high precipitation could promote virus attachment
to small particles in the air, toys, and food, thus increas-
ing the risk of HFMD [42]. The observed patterns indi-
cate that the HFMD incidences are high in regions with
significant precipitation in winter, which may indeed
be related to the combined effects of cold and humid
environments on human immune function [46]. Cold
and humid conditions can influence the immune sys-
tem in various ways, potentially increasing susceptibility
to infections such as HFMD. The negative correlations
observed in certain coastal peninsula areas in specific
months are less stable, which may be due to the variabil-
ity in precipitation patterns in these regions. These areas
may experience sudden changes in rainfall, which may
disrupt the typical relationship between precipitation
and HFMD incidence.

The results indicate that wind speed plays a significant
role in the incidence of HFMD, and generally the higher
the wind speeds, the lower the incidence. This finding is
consistent with some studies that suggest higher AWS
can disperse airborne pathogens and reduce the likeli-
hood of person-to-person transmission of enterovi-
ruses [47, 48]. In addition, windy weather might reduce
outdoor activities, thus reducing the chance of expo-
sure to the virus. The positive correlation between AWS
and HFMD incidence in the peninsular regions can be
attributed to several unique factors. Coastal areas con-
sistently experience higher wind speeds and have higher
population densities. Increased wind speeds facilitate the
airborne transmission of the virus among dense popula-
tions. This is consistent with the research of Dong et al.
[49], which reported a positive correlation in Beijing.
Moreover, many coastal regions are popular tourist des-
tinations, leading to high population mobility, which fur-
ther enhances the spread of HFMD. This aligns with the
findings of Zhang et al. and Yang et al. [50, 51], who also
noted the significant impact of human mobility and den-
sity on disease transmission in these regions.

This study underscored the importance of incorpo-
rating both spatial and temporal dimensions in under-
standing the epidemiological dynamics of HFMD. Future
research should continue to explore the complex inter-
actions between meteorological factors and infectious
diseases, utilizing advanced spatial-temporal models
like MGTWR to inform public health interventions and
policies. However, this study also has several limitations
worth mentioning. Firstly, this study only analyzed the
association between HFMD and meteorological factors
and did not consider socioeconomic, behavioral, or phys-
iological influencing factors. Secondly, as an ecological
study, the complex impact between climatic factors and
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HEMD transmission may vary significantly across differ-
ent regions. Therefore, our results should be cautiously
extrapolated to areas with different climatic and socio-
environmental conditions.

Conclusions

This study confirmed that the spatial and temporal distri-
bution of HEMD varied at county scales. The MGTWR
model was used to explore the influence of meteorologi-
cal factors on the incidence of HFMD, which provides a
new method for future studies on HFMD and other dis-
eases. Although the complexity of HFMD could not be
fully explained by meteorological factors, our results pro-
vided new quantitative evidence, indicating the effect of
meteorological factors on HFMD at a finer spatial-tem-
poral scale. The results can help public health authorities
prioritize prevention and control measures in different
regions and weather conditions, and provide guidance
for the government to rationally allocate public health
resources.
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