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Abstract: Hand, foot, and mouth disease (HFMD) remains a serious health threat to young children.
Urumgi is one of the most severely affected cities in northwestern China. This study aims to identify
the spatiotemporal distribution characteristics of HFMD, and explore the relationships between
driving factors and HFMD in Urumgqi, Xinjiang. Methods: HFMD surveillance data from 2014
to 2018 were obtained from the China Center for Disease Control and Prevention. The center of
gravity and geographical detector model were used to analyze the spatiotemporal distribution
characteristics of HFMD and identify the association between these characteristics and socioeconomic
and meteorological factors. Results: A total of 10,725 HFMD cases were reported in Urumgi during
the study period. Spatially, the morbidity number of HFMD differed regionally and the density
was higher in urban districts than in rural districts. Overall, the development of HFMD in Urumgqi
expanded toward the southeast. Temporally, we observed that the risk of HFMD peaked from June
to July. Furthermore, socioeconomic and meteorological factors, including population density, road
density, GDP, temperature and precipitation were significantly associated with the occurrence of
HFMD. Conclusions: HFMD cases occurred in spatiotemporal clusters. Our findings showed strong
associations between HFMD and socioeconomic and meteorological factors. We comprehensively
considered the spatiotemporal distribution characteristics and influencing factors of HFMD, and
proposed some intervention strategies that may assist in predicting the morbidity number of HFMD.

Keywords: hand, foot, and mouth disease; spatiotemporal analysis; geographical detector model;
driving factors

1. Introduction

Hand, foot, and mouth disease (HFMD) has resulted in major outbreaks worldwide
in the past three decades, and has become a serious public health issue in affected coun-
tries [1,2]. The main pathogens of HFMD are Coxsackie virus A16 (CA16) and Enterovirus
71 (EV71) [3]. HFMD is commonly seen in children between the ages of 0 and 15, especially
children under five years of age [4]. The typical clinical symptoms include fever, skin
bursts on hands and feet, and painful sores in the mouth [5]. In recent years, outbreaks
of HFMD have remained common in most of the provinces of China and have threatened
the health of young children [6]. Therefore, it is essential to identify the driving factors of
HFMD and establish an early warning system to reduce the disease burden [7].

In China, HFMD epidemics have shown spatiotemporal agglomeration effects. For
example in Sichuan Province [8] and Zhejiang Province [6], China, spatiotemporal clusters
have become increasingly concentrated. Existing studies have widely accepted that socioe-
conomic factors and meteorological factors are related to the morbidity number of HFMD.
The gross domestic product (GDP) [9,10] population density [11,12], road density [13]
and land cover types [14] have also been demonstrated to affect the morbidity number of
HFMD. Different HFMD incidence patterns have different climate conditions [15]. Certain
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temperature, precipitation, air pressure and wind speed values as key meteorological
factors could be considered alarm values for the early warning of HFMD. For example,
Fu et al. [16] found that the monthly mean temperature had a positive effect on HFMD
when it was higher than 17 °C. Cheng et al. found that HFMD occurrence was significantly
influenced by extreme precipitation [17] However, Yang et al. [18] observed no such associ-
ation in Hong Kong. Li et al. revealed a 6.8% drop in cases for every 1 hPa increase in air
pressure in Guangdong [19] Deng et al. showed a strong association between HFMD and
wind speed, this result may assist in predicting HFMD incidence [20].

Using the results of previous studies, we concluded that these driving factors have
complicated mechanisms regarding HFMD occurrence and development in different re-
gions. Little attention has been given to arid regions. A typical arid city, Urumgqi is the
capital of Xinjiang Uygur Autonomous and is located in northwestern China; its urban
areas and population are expanding rapidly. Urumgi has unique meteorological conditions
and socioeconomic conditions. Therefore, we selected Urumgi as our research area and first
analyzed the spatiotemporal distribution of HFMD in Urumgqi from 2014-2018, including
the annual scale and the monthly scale; then, we used the center of the gravity model to
find the trajectory of the center of HFMD cases. Next, we used a geographical detector
to identify driving factors for HFMD considering both meteorological and socioeconomic
aspects. Finally, by comprehensively considering the spatial and temporal distribution
characteristics and influencing factors of HFMD in Urumgqi, we propose some intervention
strategies. These intervention strategies could be helpful in preventing and controlling
HFMD. We aim to enrich HFMD studies in different regions and provide a theoretical basis
for HFMD.

2. Materials and Methods
2.1. Study Area

Urumgqi (42°45’ to 44°08’ N, 86°37 "to 88°58' E) is located in northwestern of China,
in the central part of the Xinjiang Uyghur Autonomous Region. It lies at the northern
foot of the Tianshan Mountains, south of the Dzungarian Basin. The total land area of
Urumgi is 14,216.3 km?, with a population of 3.552 million at the end of 2019, with a GDP
exceeding 341.3 billion Yuan [21]. Urumgqi consists of eight districts: Tianshan District,
Saybagh District, New Urban District, Toutunhe District, Daban District, Midong District,
Shuimogou District and Urumgqi County (Figure 1). The local climate type is a temperate
continental climate, that is warm and rainy in summer, and cold and dry in winter [22].
The average annual temperature is 7 °C, the average annual precipitation is 280 mm, and
the evaporation is 2730 mm [23]. Urumgi is an oasis city located in an arid region, and one
of the most important rising cities in northwestern China and Central Asia [24]. Benefiting
from the One Belt and One Road policy, Urumgqi as important node city, has witnessed
rapid economic development [25].
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Figure 1. Location of Urumgqi, China.

2.2. Data Acquisition

88° 0’0"E

For the study area of Urumgqji, we acquired district-level daily HFMD surveillance
data from 2014 to 2018, including date of birth, age, sex, occupation and detailed ad-
dress (Table 1), these data were obtained from the China Center for Disease Control and
Prevention (CDC) Between 1 January 2014 and 31 December 2018, there were a total of
10,725 HFMD cases. We used ArcGIS software to display the detailed addresses of cases on

a map.
Table 1. Sample data of HFMD.
lzational Code of ' Address . (;a.se ) Dafe of Reporting Unit
urrent Address Longitude and Latitude Classification Accident
25;23?:15 clinicallg;sd;:gqosed 2014/1/1 Tianls_?ssr}l) Eiitrid
fgi;:ji clinicalzsd;:gnosed 2016/1/1 Midli)lr;gpli;sltrict
2??5152;;’1]3 clinicallc};;:lésgnosed 2018/1/1 Tianls_i;)i;) i)eiﬁtrict

We included three socioeconomic variables and three meteorological variables as the
driving factors for HFMD in this study. Socioeconomic data including gross domestic
product (GDP), population density and road network density, were obtained from the
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Urumgi Statistical Bulletin and Urumgi Statistical Yearbook [26]. Meteorological data,
including temperature, precipitation and wind speed, were analyzed [27] from the China
Climate Data Sharing Service System (http://data.cma.cn/ (accessed on 2 February 2021)
and National Meteorological Information Center [28].

2.3. Statistical Methods
2.3.1. Center of Gravity

The disease center of gravity (CoG) is an important index used to accurately depict
the overall spatial distribution of a disease, this index is helpful for studying the direction
of disease development and plays an important role in the prevention and control of future
diseases. In this paper, we used the center of gravity for HFMD to analyze the spatial
characteristics of HFMD cases. The formula for calculating the CoG of HFMD cases is as
follows [29]:

n n
X = wixl-/ w;
i=1 i=1
. n n
Y=Y wyi/ ) w 1)
i=1 i=1

where X and Y represent the latitude and longitude coordinates of the gravity center of
HFMD and X; and Y; indicate the latitude and longitude coordinates, respectively, of each
HFMD case detailed address.

The shift distance of the gravity center can be used to express the spatial change
characteristics of the feature type, and the expression is as follows [30]:

d= \/(Yt —Yt—l)2 + (Y: —Yt—l)z ()

where (X}, Y) and (X;_1, Y;_1) are the gravity centers of the elements at different times.

2.3.2. Geographical Detector

The geographical detector (GeoD) is a set of statistical methods used to detect spatial
differentiation and reveal the driving forces behind it [31]. As the geographical detector is
less restricted by the premise than the center of gravity, the GeoD has strong universality
for exploring the formation mechanism and influencing factors of the spatial heterogeneity
of geographic objects. It is freely available from http://www.geodetector.org/ (accessed
on 11 February 2021) [32].

The GeoD is composed of interactive, factor, ecological, and risk detectors. In this
study, we mainly applied the factor detector and the interaction detector [33]. Factor
detector was used to calculate the explanatory power of each impact factor on the spatial
differentiation of HFMD, this detector could quantitatively rank and screen the importance
of HFMD driving factors. Based on the socioeconomic data and climate data, we used the
GeoD to screen and extract the most important driving factors (X) of HFMD distribution
(Y) in Urumgi. This model formula is as follows:

1

:1—
q No?

L
Y Nuo?h 3)
h=1

where g represents the explanatory power of a driving factor on HFMD spatial differentia-
tion. The g-value range is between 0 and 1; it indicates the extent to which Y is interpreted
by X. In detail, g = 0 indicates there is no association between Y and X, while 4 = 1 means
that Y is completely determined by X [34], the higher the value of g is, the stronger the
explanatory power of this factor for HFMD differentiation will be.

Interaction detectors are used to identify interactions among different driving fac-
tors(X), that is, whether factors X; and X; interact to increase or decrease the explanatory
power of the dependent variable (Y) or whether the effects of these factors on Y are in-
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dependent of each other. First, we compute the g-values of the two factors X; and Xj.
Then, we superimpose these two factors and compute their g-values—g(X1MX5) [35]. The
relationship between these two factors yields one of the following five results (Table 2).

Table 2. Types of interaction between two variables.

Graphical Representation Relationship Interaction
M T g(X1NXz) < Min(q(X1), 9(X3)) Nonlinear weakening
_.‘— S Min(g(X1), g(X2)) < g(X1NXz) < Max(q(X1)), 9(X2)) Single-factor nonlinear weakening
P Y. e q(X1NX3) > Max(q(X1), 9(X2)) Double-factor enhancement
P g(X1NX2) = g(X1) + 9(X2) Independent
I g(X1NX3) > q(X1) + q9(X2) Nonlinear enhancement

3. Results
3.1. Spatial and Temporal Distributions of HFMD

The spatial distribution characteristics of HFMD in Urumgi were obtained and are
shown in Figure 2. It is clear from the results that the overall HFMD spatial distribution
in the research area changed significantly from 2014 to 2018, and the number of people
suffering from HFMD is constantly increasing. As shown in Figure 2, each red area
represents an area with a total number of HFMD cases between 67 and 128, indicating a
high-level HFMD density. The red areas in the figure continuously extended from 2014
to 2018, and the increased area was concentrated in Tianshan District, Saybagh District,
Toutunhe District and New Urban District. Simultaneously, the blue area in the figure
continuously extended from 2014 to 2018, and blue areas indicate a low-level HFMD
density in which number of HFMD cases is between 1 and 29; these regions are mostly
concentrated in Daban District and Urumgi County. In summary, HFMD spread to a wide
range of districts over the studied period, reaching a maximum in 2018.

There are significant differences observed in the HFMD case density distribution
among different districts and counties in Urumgqi. The case density distribution can
be divided into two levels: (1) high-density districts. As shown in Figure 3, the high-
density districts include Tianshan District, Saybagh District, Toutunhe District and the
New Urban District. The numbers of HFMD cases in these four districts showed trends
of continuously increasing, and the maximum density was 128 cases. Among these four
districts, Tianshan District and Shayibuck District are the traditional city centers of Urumgqi
and are gathering places for political, economic, cultural, and residential activities. In
addition, the New Urban District is the subcenter of Urumgi., where high-end industries
and strategic emerging industries are developing; (2) low-density districts. As shown
in Figure 4, low-density districts, including Shuimogou District, Midong District, Daban
District and Urumgqi County, had the lowest density of 0 patients. Low-density districts are
mostly rural settlements and pastures that are mainly engaged in agricultural and animal
husbandry production activities.
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Figure 2. Spatial distribution of HFMD (Hand, foot, and mouth disease) in Urumgqi from 2014 to 2018—(a). 2014, (b). 2016,
(c). 2018.
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Figure 3. High-density HFMD districts in Urumgqi from 2014 to 2018—(al-a4). 2014, (b1-b4). 2016, (c1-c4). 2018.
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Figure 4. Low-density HFMD districts in Urumgi from 2014 to 2018 ((al-a4). 2014, (b1-b4). 2016, (c1—c4). 2018).

The temporal distribution characteristics of HFMD in Urumgqi are shown in Table 3
and Figure 4. The annual-scale analysis showed that (Table 3) 2014 had the lowest number
of cases, with a total of 2553. In 2016, the number of HFMD cases was 3689, showing an
increase of 1136 and the growth rate was 44.49%. The highest number of HFMD cases
occurred in 2018, with 4483 cases and a growth rate of 21.52%. The month-scale analysis
showed that (Figure 5) from December to March, new cases were rare, and the increase rate
of morbidity was extremely slow. From April to May, the number of new cases gradually
increased. From June to July, the number of new cases increased sharply and reached
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a peak. From August to November, the number of new cases dropped rapidly, and the
HFMD epidemic gradually subsided.

Table 3. Number of HFMD cases in Urumgi from 2014 to 2018.

.Yeaf 2014 2015 2018 Average Number Average Growth
District of Cases Rate (%)
Tianshan 423 846 1123 797 66.37
Shayibuck 675 774 883 777 14.37
Toutunhe 223 327 289 280 17.5
New Urban 664 793 1059 839 26.4
Shuimogou 292 593 586 490 50.95
Midong 247 295 435 326 33.45
Daban 4 33 43 27 377
Urumgqi 25 28 65 39 72.07
Sum 2553 3689 4483
1,000 4 856 2 0 1 4
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Figure 5. Month scale distribution of HFMD cases in Urumgi from 2014 to 2018.

3.2. Change of the Center of Gravity of HEMD

The HFMD cases and their geographical location information were used to build
the center of the gravity model according to equations 2 and 3. The results are shown
in Figure 6. In 2014, the HFMD COG was located in the New Urban District (87.5844° E,
43.8382° N), while in 2016 (87.5906° E, 43.8325° N) and 2018 (87.5913° E, 43.8309° N),
the HFMD COG shifted to Shaybak District. From 2014 to 2016, the center shifted to the
southeast, with a distance of 805.5 m, and from 2016 to 2018, the center again shifted to
the southeast, with a distance of 182.9 m. This indicates that the overall development of
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HFMD in Urumgqi from 2014 to 2018 expanded toward the southeast. New high-density
clusters of HFMD have formed in the Shaybak District.
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Figure 6. Changes in the center of gravity of HFMD from 2014 to 2018.

3.3. Analysis of the Driving Factors of HFMD

Relationships among socioeconomic factors, meteorological factors and the incidence
of various infectious diseases have frequently been observed. On the basis of referring to
existing studies [11,12,20], we screened factors at both socioeconomic and meteorological
levels. Specifically, driving factors can be classified into six aspects: GDP (Xj), population
density (Xp), road density (X3), temperature (X4), precipitation (Xs) and wind speed (X¢).
The g-value calculations shown in Table 4 display the extent of the influence of the six
driving factors on the spatial heterogeneity of HFMD.

Table 4. Detection results of single driving factors.

Level of Impact Gross Domestic Population Road Temperature  Precipitation Wind
(g-Value) Product (GDP) X; Density X; Density X3 Xy X5 Speed Xg

2014 0.598 0.569 0.623 0.462 0.368 0.194

2016 0.451 0.552 0.449 0.495 0.414 0.151

2018 0.450 0.540 0.558 0.546 0.408 0.147

Mean Value 0.500 0.554 0.544 0.501 0.397 0.164

Note: The factor detection results all passed the 1% significance test.

(1)  Factor detector is mainly used to detect influencing factors” explanatory powers. Each
driving factor has a different degree of influence. The top 5 driving factors of HFMD
were ranked by the g-value (Table 4) as follows: population density (X;) > road density
(X3) > GDP (X1) > temperature (X4) > precipitation (X5) > wind speed (Xs).

(2) Interaction detector is mainly used to calculate the interactions among different factors.
The analysis results showed a high degree of consistency with the previous section.
Furthermore, indicated that the influence of any two factors on the HFMD cases was
enhanced under their interaction. Tables 5-7 show the results of the interactions of
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population density (X;) with other factors: X;NX3 (0.878) > X;MX¢ (0.830) > X5NX;
(0.829) > X,NXy (0.826) > X,NX5 (0.825). The results showed that the interaction
between population densityN road density had the strongest effect on the spatial
distribution of HEMD in 2014. Similarly, the interaction between population densityn
road density (g = 0.881) had the strongest effect on the spatial distribution of HFMD
in 2016, the interaction between population densityN road density (g = 0.859) also had
the strongest effect on the spatial distribution of HFMD in 2018. This phenomenon
shows that socioeconomic factors such as “fortifiers” can strengthen the explanatory
powers of other factors regarding HFMD spatial heterogeneity.

Table 5. Interaction detector results for 2014.

. Population Road Temperature Precipitation Wind
Variable - GDP X Density X,  Density X3 X4 X5 Speed X,

X1 0.598

X 0.829 0.569

X3 0.776 0.878 0.623

Xyq 0.637 0.826 0.667 0.462

X5 0.677 0.825 0.665 0.577 0.368

Xe 0.594 0.830 0.625 0.834 0.362 0.194

Table 6. Interaction detector results for 2016.

. Population Road Temperature Precipitation Wind
Variable  GDP X, Density X,  Density X3 X4 X5 Speed Xg

X1 0.451

X 0.849 0.552

X3 0.580 0.881 0.449

Xyq 0.626 0.667 0.619 0.495

X5 0.601 0.665 0.472 0.572 0.414

Xe 0.411 0.619 0.575 0.571 0.594 0.151

Table 7. Interaction detector results for 2018.

. Population Road Temperature Precipitation Wind
Variable  GDP X, Density X,  Density X3 X4 X5 Speed Xg

X1 0.450

Xs 0.805 0.540

X3 0.589 0.859 0.558

Xq 0.634 0.818 0.669 0.546

X5 0.592 0.799 0.667 0.567 0.408

Xe 0.612 0.609 0.573 0.624 0.577 0.147

Note: The factor detection results all passed the 1% significance test.

Finally, according to the results of the factor detector and interaction detector, we
chose the top five HFMD impact factors and created a map. Figure 7 illustrates the
spatial distributions of HFMD under the influence of various driving factors. As shown in
Figure 7, the spatial distribution of HFMD was affected by socioeconomic factors. HFMD
cases gather around economically developed, densely-populated and high-road-density
districts, and the mean p values were 0.500, 0.554, and 0.544, respectively. Tianshan District,
Saybagh District, Toutunhe District and the New Urban District complied with the above
characteristics. (2) As affected by meteorological factors, HFMD patients were concentrated
in warm and moist districts, and the mean p values were 0.501 and 0.397 respectively. In

dry and cold areas, virtually no one was infected with HFMD.
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(c1-c5). 2018.
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4. Discussion

The present study describes the spatiotemporal distribution of HFMD in Urumgqi and
the relationships between driving factors and the morbidity number of HFMD. The results
revealed that areas with high HFMD densities were located in four main urban districts,
which are the economically developed areas of Urumgi. Through the geographical detector
model, we found that socioeconomic and meteorological factors, including the population
density, road density, GDP, temperature and precipitation were all significantly associated
with the occurrence of HEMD.

Our study demonstrates that the morbidity number of HFMD has regional differences
in that the density is higher in urban districts than in rural districts. The spatial distribution
of HFMD was evident in Tianshan District, Saybagh District, Toutunhe District and the
New Urban District, probably because the urban district areas have more residential areas
and higher population densities, possibly leading to clustered HFMD infections. This is
supported by a study in Shandong that found that the incidence rate was significantly
higher in urban areas than in rural areas [36]. In addition, Qi et al. found that cluster
centers were located in 9 major urban districts in Chongqing [37].

We observed that, from June to July, the number of HFMD cases increased sharply
and reached a peak. From August to November, the number of HFMD cases dropped
rapidly, and the HFMD epidemic gradually subsided. In June and July, the temperature is
appropriate, virus-susceptible population spent more time in outdoors, which increases the
possibility of exposure to the virus. While after August, the temperature drops rapidly, sus-
ceptible population stay indoors for a long time, thus reducing the possibility of infection.
This finding was consistent with studies conducted in other provinces and regions in China.
A study in mainland China found that July had a higher risk than other months, while
November had a lower risk [38]. In addition, HFMD reached a single peak from May to
July in Beijing [39]. These findings are also consistent with an existing study conducted in
the Ili River Valley, China [40]. Different meteorological conditions may be the underlying
reason for the different HFMD peak months.

Regarding the socioeconomic aspect, our current study found that the GDP was
significantly associated with the morbidity number of HFMD. With the growth of GDP,
the number of HFMD cases continuously increased. Furthermore, districts with higher
GDP had more HFEMD cases. Tianshan District, Saybagh District, Toutunhe District and the
New Urban District are the economic centers of Urumgji, and their HFMD cluster effects
were more obvious than those of other districts. This view was also supported by a study
that found that GDP was significantly positively associated with the Shandong HFMD
incidence [9]. A study conducted in Guangdong found that counties with higher relative
risks were mainly gathered in the Pearl River Delta region, which is located in the economic
center of Guangdong [10]. Another study concluded that urban areas had a higher risk of
HFMD than poorer areas, which is similar to our finding that GDP is positively correlated
with HFMD incidence [41].

We found that the road density was also significantly associated with the morbidity
number of HFMD. According to geographical detectors and case maps, the vast majority
of HMFD cases are distributed along roads. This reflected that a high road density led to
an increased risk of HFMD. Urumgi is a transportation hub and a distribution center for
passengers in Xinjiang. Summer is the peak tourist season of Urumgji, highways, railways,
and air transport have to bear huge volumes of passenger transport. In the meantime, many
tourists travel between different regions and tourist attractions, thus greatly accelerating
the spread of the virus. This result is similar to the results obtained by Lin et al. Their
study concluded that a high road density makes it easier for the virus to attach to certain
substances, thus facilitating the spread of the virus [13]. This finding is consistent with
other reports that clusters are more commonly observed in areas of high mobility [42,43],
further suggesting that the disease may be spread by roads and railways.

Population density also played a large role in affecting the occurrence of HFMD. Dis-
tricts with higher population densities have higher morbidity number of HFMD. Tianshan
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District, Saybagh District, Toutunhe District and the New Urban District follow this regu-
larity. Compared with previous results, Huang et al. found that when a population density
is relatively small, an outbreak of HFMD occurs relatively late, and when a population
density gradually increases, HFMD outbreaks occur earlier [44]. Kim et al., according to
this regularity, suggested a proposal that focuses on HFMD outbreaks in densely populated
areas [45].

Regarding the meteorological aspect, our current study found that temperature and
precipitation were significantly associated with the morbidity number of HFMD. High
temperature circumstances strengthen the links between HFMD and driving factors. At
higher temperatures, it is easier to contact a contaminated environment. Another study
revealed the same results: in 143 cities in mainland China, close links were found between
high ambient temperatures and HFMD occurrence. Due to an increase in temperature,
the spread of HFMD accelerates. This may be because meteorological indices can increase
the duration time of the impacts of temperature on HFMD [46]. Similarly, Cheng et al.
observed that more than 61% of childhood HFMD cases occurred when the weather
was rainy [18]. Extreme precipitation may enhance the contact rates in the population,
lengthen the survival of viruses and expand the scope of viruses, thus driving the spread
of HFMD [47]. Huang et al. provided abundant experimental data and found that HFMD
can be aggravated at high temperatures and high relative precipitation [48].

Unlike previous studies that showed that wind speed has a positive effect on the
occurrence of HFMD [49], according to the geographical detector results obtained in this
study, the wind speed p-value was only 0.164, significantly lower than that of other factors;
wind speed was not an obvious factor affecting HFMD morbidity number in Urumgi.
Based on the results of previous studies, we conclude that meteorological factors play
a complicated role in HFMD [50]. These inconsistent results may be due to different
local meteorological and socioeconomic backgrounds. It seems that each country, region
and terrain has a linear or nonlinear relationship with climatic parameters [51-53]. This
suggests that different countries and regions must determine their unique associations
with respective climatic factors.

The present study has some limitations. First, meteorological data we used in the
study were obtained from meteorological surveillance stations surrounding Urumgi and
may not reflect the actual climatic conditions of the infected people. Second, there is a lack
of HFMD virus classification in this study. Further studies should consider stratification by
virus type. Third, we did not take personal factors, such as occupation, family members, or
income, into account. Taking other potential impacting factors into consideration in the
geographical detector model would improve the prediction accuracy of HFMD occurrence.

5. Conclusions

In this study, HEMD in Urumgqi showed significant spatiotemporal heterogeneity,
mainly gathered in the urban district. The case density was higher in the urban districts
than in the rural districts. The overall development of HFMD in Urumgqi from 2014 to
2018 expanded toward the southeast. A geographical detector was applied to analyze the
relationships between driving factors (socioeconomic, meteorological) and the morbidity
number of HFEMD. We found that the GDP, population density, road density, temperature
and precipitation are driving factors of HFMD.

Comprehensively considering the spatial and temporal distribution characteristics
and influencing factors of HFMD in Urumgji, we propose the following intervention strate-
gies: (1) Given the density of patients and the development direction of HFMD over the
years, the focus of prevention and control should be in the HFMD high-density areas
including Tianshan District, Saybagh District, Toutunhe District and New Urban District.
Through rational deployment of manpower and material resources to achieve efficient
prevention and control. Meanwhile, the government needs to focus on susceptible popula-
tion within these areas and strengthen the implementation of vaccinations of children of
the appropriate age. (2) From the perspective of GDP, the government should reduce the
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gathering activities which can cause serious transmission in developed areas, and improve
the living and medical conditions in undeveloped areas. In developed urban areas such
as Tianshan District, Saybagh District, Toutunhe District and New Urban District, there
are many places open to virus-susceptible population, such as parks, training institutions,
amusement parks, shopping malls, and supermarkets. As a result, susceptible groups
and their families should reduce the frequency of entering these places so as to avoid
infection. For rural areas with underdeveloped economies such as Shuimogou District,
Midong District, Daban District, and Urumgi County, the government can improve the
living condition and medical conditions in these areas, make it convenient for patients
to receive timely medical treatment and prevent the disease from spreading. (3) From
the perspective of population density, during the outbreak period of HFMD, susceptible
groups and their families, from densely populated districts and counties such as Tianshan
District, Saybagh District, and New Urban District, should reduce their participation in
gathering activities to avoid infection. At the same time, in the process of urbanization, the
government should plan for urban expansion in a reasonable manner thus optimizing the
residential environment and reducing population density. (4) From the perspective of the
road density, it is high in Tianshan District, Saybagh District, and New Urban District. And
railway stations, bus stations, and airports are located in these areas. Hence, susceptible
population and their families should avoid staying too long in these places during outbreak
period of HEMD. At the same time, they should pay attention to personal hygiene to reduce
the chance of getting infected. (5) From the perspective of climate, as the temperature in
Urumgi city warms up and precipitation increases, it is essential for the meteorological
department and the disease control department to remind the public to prepare for the
high-incidence season of HFMD. The daily management of nursery institutions and schools
and daily disinfection should be strengthened. Besides, the government should organize
authoritative experts to publicize knowledge on how to prevent and control HFMD. These
intervention strategies could be helpful in preventing and controlling HFMD.
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