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ratio indicator into local ORs for mapping
disease-environment associations.
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ABSTRACT

Background: Pediatric hand, foot, and mouth disease (HFMD) has generally been found to be associated with cli-
mate. However, knowledge about how this association varies spatiotemporally is very limited, especially when
considering the influence of local socioeconomic conditions. This study aims to identify multi-sourced HFMD en-
vironmental factors and further quantify the spatiotemporal nonstationary effects of various climate factors on
HFMD occurrence.

Methods: We propose an innovative method, named spatiotemporally varying coefficients (STVC) model, under
the Bayesian hierarchical modeling framework, for exploring both spatial and temporal nonstationary effects
in climate covariates, after controlling for socioeconomic effects. We use data of monthly county-level HFMD oc-
currence and data of related climate and socioeconomic variables in Sichuan, China from 2009 to 2011 for our
experiments.

Results: Cross-validation experiments showed that the STVC model achieved the best average prediction accuracy
(81.98%), compared with ordinary (68.27%), temporal (72.34%), spatial (75.99%) and spatiotemporal (77.60%)
ecological models. The STVC model also outperformed these models in the Bayesian model evaluation. In this
study, the STVC model was able to spatialize the risk indicator odds ratio (OR) into local ORs to represent spatial
and temporal varying disease-climate relationships. We detected local temporal nonlinear seasonal trends and
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spatial hot spots for both disease occurrence and disease-climate associations over 36 months in Sichuan, China.
Among the six representative climate variables, temperature (OR = 2.59), relative humidity (OR = 1.35), and
wind speed (OR = 0.65) were not only overall related to the increase of HFMD occurrence, but also demonstrated
spatiotemporal variations in their local associations with HFMD.

Conclusion: Our findings show that county-level HFMD interventions may need to consider varying local-scale
spatial and temporal disease-climate relationships. Our proposed Bayesian STVC model can capture spatiotempo-
ral nonstationary exposure-response relationships for detailed exposure assessments and advanced risk map-
ping, and offers new insights to broader environmental science and spatial statistics.

© 2018 Elsevier B.V. All rights reserved.

1. Introduction

Pediatric hand, foot, and mouth disease (HFMD) is an emerging
worldwide infectious disease that occurs mainly in children under five
years old and can lead to death (Koh et al.,, 2016). HFMD is caused by
a group of enteroviruses, such as enterovirus 71 (EV71) and
coxsackievirus A16 (CV-A16) (Huang et al., 2018), and is readily trans-
mitted through coughs, sneezes or contacts with infected feces or con-
taminated surfaces (Zhao et al., 2018). Environmental factors, such as
climate, may affect virus survival and transmission environment, also
human activity and contact frequency, which may greatly determine
the eventual disease occurrences (Cheng et al., 2018; Shi and Kwan,
2015; Suminski et al., 2008). In China, HFMD is recognized as a leading
infectious disease after it has been made statutorily notifiable in May
2008 (Xing et al., 2014). The morbidity of HFMD in China increased
drastically from 37.6/100,000 persons in 2008 to 139.6/100,000 persons
in 2013 (Liu et al,, 2015).

Extensive studies suggest that HFMD is associated with environ-
mental factors pertaining to climate, e.g. ambient temperature (Xiao
et al.,, 2017; Zhu et al., 2015), humidity (Cheng et al., 2018; Onozuka
and Hashizume, 2011), precipitation (Chen et al., 2014; Wang et al.,
2011a), wind speed (Ma et al., 2010; Zhang et al., 2016c¢), air pressure
(Wang et al., 2015), and sunshine (Zhang et al., 2016a) in many Asian
countries (Lee et al., 2015), including China (Bo et al., 2014; Hu et al.,
2012; Wang et al., 2011a), Japan (Onozuka and Hashizume, 2011),
Vietnam (Nguyen et al., 2017), and South Korea (Kim et al., 2016). Cli-
mate environmental conditions not only affect the reproduction and
transmission of the viruses causing HFMD, but also influence the behav-
ior of children which may increase their contacts (Bélanger et al., 2009;
Suminski et al., 2008), thus indirectly increasing opportunities of viral
transmission among young children (Huang and Wang, 2018).

Recent studies further quantified the nonlinear risk effects of climate
factors on HFMD (Chen et al.,, 2014; Wang et al., 2017; Xiao et al., 2017;
Zhang et al,, 2016c). For instance, Wang et al. found that a higher risk of
HFMD was associated with temperatures ranging from 70 °F to 80 °F
(Wang et al.,, 2011b); Xiao et al. found that the HFMD-temperature rela-
tionship was a nonlinear inverted V-shape curve (Xiao et al., 2017); Du
et al. found that temperatures > 24.85 °C and a relative humidity be-
tween 80.59% and 82.55% lead to higher risk of HFMD (Du et al.,
2016); Zhang et al. found that the HFMD risk peak occurred at humid
values between 15 and 20 and 30-35 (Zhang et al,, 2016b); Wang
et al. found a nonlinear (inverted U) association between temperature
and HFMD in summer, with a maximum morbidity at 27 °C (Wang
etal, 2017).

However, most of those studies assume that the disease-
environment association is stationary (Chen et al., 2010), i.e., the
exposure-response association is homogeneous across the entire area
and time period. In reality, the disease-environment association, espe-
cially for a communicable disease, is more likely to be nonstationary
(varying), either spatially (Osei and Stein, 2017), temporally (Lee and
Sheridan, 2018), or both, i.e., the associations vary among different spa-
tial units and time frames. This kind of nonstationarity in HFMD-climate
associations has been discussed either only in the spatial (Hu et al.,
2012; Wang et al., 2016) or the temporal dimension (Liu et al., 2016;

Yu et al., 2014) so far, and no studies have systematically investigated
this problem within a spatiotemporal framework. In addition, while so-
cioeconomic conditions may influence the climate effects on HFMD (Bo
etal,, 2014; Huang et al., 2014; Xu, 2017), few studies have incorporated
socioeconomic factors in the HFMD-climate association assessment, es-
pecially from a spatiotemporal perspective.

Ecological regression models have commonly been used in environ-
mental epidemiology to capture the risk association between disease
and relevant covariates (Wakefield, 2006). These are fixed effect models
that only estimate a single coefficient to represent the exposure-
response association for each covariate based on the implicit assump-
tion of stationarity. Given the complexity of the relationship between
infectious diseases and environmental factors, nonstationarity impacts
of neighborhood covariates are plausible (Leyk et al., 2012), especially
for a large geographical region. A varying coefficients model that ac-
counts for nonstationarity in the covariates will be able to give richer
and more informative details (Hastie and Tibshirani, 1993). When geo-
graphic information on neighborhoods is available, the spatial nonsta-
tionary impacts of the covariates could be taken into account by the
spatially varying coefficients (SVC) models (Gelfand et al., 2003). The
common stationary regressions are called simple “global” models
(Brunsdon et al., 1996), correspondingly, the nonstationary SVC models
are called as “local” analysis methods in general (Wolf et al., 2018).
Some studies have provided excellent overviews of SVC development
(Banerjee et al., 2014; Finley et al., 2007). SVC models could readily be
formulated as the latent random variable model within a Bayesian hier-
archical modeling (BHM) framework (Lindgren and Rue, 2015). BHM is
a multi-level statistical model in a hierarchical form that estimates the
parameters of the posterior distribution using the Bayesian statistics
method (Allenby and Rossi, 2006) and has been widely used in environ-
mental epidemiology (Blangiardo et al., 2013).

Most Bayesian SVC models in practice only consider nonstationary
spatial effects for only the intercept (unobserved residuals)
(Blangiardo et al.,, 2013), but not the covariates (observed independent
variables). More importantly, Bayesian SVC models are not spatiotem-
poral forms, and to our best knowledge, no such Bayesian spatiotempo-
ral local regression model concerning nonstationarity has been
proposed (Wolf et al., 2018).

To address the problems discussed above, we proposed a new
method, named spatiotemporally varying coefficients (STVC) model,
under the BHM framework, to quantify and characterize the spatiotem-
porally varying (nonstationarity) associations between exposures (cli-
mate variables) and response (HFMD occurrence). In this study, we
use the county-level disease data in conjunction with the six aforemen-
tioned climate factors, as well as fourteen candidate socioeconomic fac-
tors in the Sichuan Province of China for a 36-month period from the
years 2009 to 2011. We develop this Bayesian STVC model as an ex-
tended local regression method to the common global ecological regres-
sion approaches and SVC models, under a spatiotemporal form.

Our objective with this paper is three-fold. Firstly, to use the STVC
model we developed to detect spatiotemporally nonstationary associa-
tions between environmental factors and disease outcomes, and com-
pare it with the other four conventional models under a cross-
validation design. Secondly, to identify HFMD risk factors accounting
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for both climate and socioeconomic aspects under spatiotemporal
scales. Thirdly, to quantify spatially and temporally varying disease dis-
tribution and disease-climate associations of HFMD at the local scale.

2. Material and methods
2.1. Study area and data

Sichuan Province is located in southwest China between 26.40°N
and 33.68°N latitude, and 98.31°E and 107.99°E longitude. There are
135 county-level areal units in Sichuan Province. To reduce the edge ef-
fect, we included counties bordering Sichuan, into the study scope. As a
result, our study area is comprised in total, of 243 county-level areal
units (Fig. 1).

For the study area, we acquired county-level monthly data including
HFMD occurrence, climate and socioeconomic variables for 36 months
from the years 2009 to 2011. Our HFMD occurrence data in children
aged between 0 and 9 years were from the China Information System
for Disease Control and Prevention (CISDCP). The monthly climate

data we used in this study was based on the raw data collected from
727 climate stations throughout China from the China Climate Data
Sharing Service System (Bo et al., 2014). Data of yearly socioeconomic
variables obtained from the China County Statistical Yearbook, China
Statistical Yearbook for Regional Economy, and China City Statistical
Yearbook (Song et al., 2018b). We included a total of six climates and
fourteen socioeconomic variables as potential environmental-related
factors of HFMD for this study (Additional file Table S1). We performed
z-score standardization to the potential twenty factors to make them
dimensionless.

2.2. Statistical methods

2.2.1. 0dds ratio

Odds ratio (OR) is widely used to measure the risk of disease expo-
sure to a determinant in epidemiology (Bland and Altman, 2000). The
logistic regression model is the primary method to generalize OR be-
yond two binary variables (Harrell, 2001). For disease occurrence data
of this case, the form of an ordinary logistic ecological regression
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Fig. 1. Geographical distribution of reported HFMD occurrence in the study area in June 2009 (Blue border: Sichuan Province of China; Gray border: counties surrounding Sichuan). (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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model is given as follows:
p; m n
(125 ) = Po+ > RCe+ DS, 1)
! k j

where i is the index of the records; P; is the expected value of the depen-
dent variable (probability of the occurrence of a disease); Cy is the k-th
climate independent covariate; SE; is the j-th socioeconomic indepen-
dent covariate; 3y is the intercept term; (3 and £3; are the estimated co-
efficients representing the exposure-response relationships between
the dependent and independents.

Risk indicator OR could be obtained directly by the logistic regression
model using OR = ¢”. In epidemiology, an OR value higher than one in-
dicates that the exposure variable is a positively correlated risk factor,
lower than one means a negatively correlated risk factor and equal to
one means an unrelated factor. The traditionally OR is an overall risk in-
dicator for the entire study area, seldom spatialized for disease risk
mapping (Best et al., 2005), not to mention for mapping disease-
covariates relationships. One goal of this study is to localize the overall
ORinto a localized risk indicator to characterize the disease occurrence
distribution and disease-environment relationships at both spatial and
temporal scales. We refer to the traditional OR as “overall OR” to distin-
guish it from “local OR” in this paper.

2.2.2. General spatiotemporal model

We denote the county-level areal units asi = 1, ..., I (I = 243) and
the monthsast =1, ..., T (T = 12). A general form of a spatiotemporal
model with a logistic distribution for independent is decomposed addi-
tively into components regarding space and time as follows:

P;
e = In (1—1;%) =Bo+ i+ Vit Y+ @ )

where 7 is the structured additive linear predictor; P is the probability
of disease occurrence in space i and time t; 39 quantifies the intercept
fixed effect; terms ;, v;, ¢ and ¢, represent main spatial and temporal
random effects.

The spatial components include two random effects: one assumes a
Gaussian exchangeable prior to model unstructured heterogeneity,
which is 7,~N(0,62), and the other one assumes an intrinsic conditional
autoregressive (CAR) prior for the spatially structured variability
(Besag, 1974), which is formulated as follows:

1 o?
M|ty ~ N (EZMvE) 3)

i~

where i~j indicates that areas i and j are neighbors, m; is the number of
areas that share boundaries with the i-th area, and o? is the variance
component. Spatial dependence in t; assumes a CAR prior that extends
the well-known Besag model (Besag, 1974) with a Gaussian distribution
and implies that each g; is conditional on the neighbor y; with variance
dependent on the number of neighboring counties m; of county i.

The CAR prior model assumes that the disease occurrence risk in a
spatial area is derived from nearby geographical neighbors (spatial au-
tocorrelation). That is, the closer the space distances, the more similar
disease occurrence risk is in these spatial areas.

The temporal components also include two random effects: The
term ¢, is the unstructured time effect, which is specified using an inde-
pendent mean-zero normal prior to the unknown variance of,). The term
. represents the structured time effect and is modeled dynamically
through a neighboring structure. Here, the random walk (RW) dynamic
model is used as a prior for the structured time effect (Blangiardo et al.,

2013), whose prior density 1 is written as follows:

(o2 exp(—zf—,i (vt—vf_m) @

Similar to CAR, the RW prior model assumes that the temporal var-
iation of disease occurrence risk is influenced by adjacent time points
(temporal correlation), which is expressed as a smoothly varying non-
linear curve.

2.2.3. STVC model and local OR

Based on the general spatiotemporal model above, we proposed an
innovative local regression method, named spatiotemporally varying co-
efficients (STVC) model to further consider the nonstationary random
effects, i.e., spatially and temporally local characteristics of the associa-
tion between exposures (e.g., climate factors) and response
(e.g., disease occurrence). Utilizing this STVC model by assuming a logis-
tic likelihood function for independent data distribution, researchers
can further obtain spatially and temporally localized OR values between
exposures and response.

The structured additive predictor 7, in the STVC model for HFMD
case of this study is formulated as follows:

e =Bo+ &+ 0+ D F (1eiCioye) + D F (o) + D_BSE; - (5)
k k J

where G, denotes the k climate factors (main covariates with random
effect) in the i-th area for the t-th month; SE represents the n socioeco-
nomic factors (control covariates with fixed effect); By and £3; are fixed
intercept and covariates coefficients, respectively; §; and i, are the
main spatial and temporal random effects, respectively. Similar to
their counterparts in the Eq. (2), they can be seen as varying spatial
and temporal intercepts.

Function f () denotes the sub-level latent Gaussian models that are
used to approximate the nonstationary exposure-response relation-
ships between climate factors and disease occurrence. The CAR model,
same as Eq. (3), is considered as the nonstationary spatial model for m
climate factors. The spatial nonstationary random effects of climate
are expressed as > f(t;Ci ;,)» Where gy ; are the varying spatial coef-
ficients that represent the local spatial disease-climate relationships.
Similarly, the RW model, same as Eq. (4), is considered as the nonsta-
tionary temporal model for m climate factors. The temporal nonstation-
ary random effects of climate are expressed as ;' f (. ,,), where
« are the varying temporal coefficients that represent the local temporal
disease-climate relationships.

The common OR value of each covariate can be obtained directly by
using OR = e” from an ordinary logistic regression model, where 3is the
estimated coefficient of the environmental factor. Similarly, for k main
covariates (climate factors) with the nonstationary assumption, the
spatially local ORs of each covariate are obtained with ORy, ; = et , cor-
respondingly, the temporally local ORs of each covariate are obtained
with ORy, = e+ . Also, we could obtain the local ORs for the spatial
and temporal intercepts with OR; = e’ and OR, = e, respectively.
Note that ORy, ; and ORy . are for the k-th covariate-disease risk associa-
tions, whereas OR; and OR; are only for the risk of the disease itself.

With local OR, we could measure the localized risk associations be-
tween disease and environmental factors in each geographical area
and time frame. The interpretation of local OR is similar to that of the
traditional overall OR. An OR for a spatial or temporal structure > 1 indi-
cates that the spatial or temporal structure of HFMD occurrence is pos-
itively associated with this environmental factor. The higher the OR, the
higher the risk. For disease mapping, a spatially local OR greater than
one indicates that the spatial unit is a high-risk area, an OR value less
than one indicates that the spatial unit is a low-risk area, and an OR
equal to one means that the risk in this areal unit is at an average level.
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Essentially, compared with the general spatiotemporal model in
Eq. (2), the core difference of the STVC model is that it further incorpo-
rates the nonstationary effects of both spatial and temporal dimensions
in the observable explanatory variables, such as climate factors. The
general spatiotemporal model in Eq. (2) here can also be seen as a
type of varying coefficient model only for intercepts. Components L
and v; are varying intercepts across spatial areas, and components ‘y;
and ¢ are varying intercepts across temporal periods. However, these
varying intercepts in general spatiotemporal model can only represent
the occurrence risk of the disease itself (Blangiardo et al., 2013), not
the risk associations between covariates and disease, which could be de-
tected by the STVC model.

2.2.4. Model implementation

To evaluate the performance of the STVC model, we compared it
with the other four regression models, including the ordinary ecological
model considering only the covariates effects; the temporal ecological
model considering the covariates and the overall temporal effects; the
spatial ecological model considering the covariates and the overall spa-
tial effects; and the general spatiotemporal ecological model consider-
ing the covariates, and the overall spatial and temporal effects.

The ordinary ecological regression model is (herein referred to as
model 1) is given by Eq. (1).

The temporal ecological regression model is as follows (herein re-
ferred to as model 2):

m n
N =Bo+ Y BxCu+ Y _BSEj+ v, + @ (6)
k j

The spatial ecological regression model is as follows (herein referred
to as model 3):

m n
e =Bo+ > BiCi+ D> BiSEj + 1+ Vi (7)
K ]

The general spatiotemporal ecological regression model is as follows
(herein referred to as model 4):

m n
N =Bo+ Y_BC+ Y BiSEj + i+ Vi+ Y, + @ (8)
k j

The STVC regression model (herein referred to as model 5) is given
by Eq. (5).

2.2.5. Covariates selection

We used three criteria to select socioeconomic variables for model-
ing. First, we calculated the variance inflation factor (VIF) for all candi-
date variables to assess the multicollinearity (Vatcheva et al., 2016).
The larger the VIF, the more severe the multicollinearity. Normally,
the variable selection considers VIF < 10 as the screening standard (Bo
et al,, 2014). Second, we used the forward stepwise regression to ex-
clude variables that were not statistically significant (Song et al.,
2018a), in which we set 0.05 and 0.1 as the alpha cut. Finally, we retain
a covariate in the Bayesian model unless its removal would increase de-
viance information criterion (DIC) value by 30 units or more (Burnham
and Anderson, 2004).

2.3. Model evaluation and cross-validation

We ran cross-validation to evaluate the performance of the five
Bayesian models aforementioned. Specifically, we randomly sampled
10%, 15%, and 20% of the existing data to create three test sets, and
used the rest of the data as the training sets for modeling. We evaluated
each model from three aspects as follows.

(1) Bayesian model complexity and fitness

The Deviance Information Criterion (DIC) is a well-known compari-
son criterion for Bayesian models, defined as follows (Spiegelhalter
et al., 2002):

DIC =D + pp (9)

where D is the mean of model posterior deviance and pj, is the effective
number of parameters. A large D indicates a great error in the model. A
large pp indicates a high complexity of the model. Models with smaller
DIC have better fitness, i.e., are better supported by the data. DIC and pp
are the smaller, the better.

(2) Bayesian model predictive quality

The Conditional Predictive Ordinate (CPO) is defined as a cross-
validated predictive density at a given observation and can be used to
access predictive measures (Held et al., 2010). For continuous distribu-
tions, it is defined as follows:

CPO; = p(y;ilvy) (10)
where yj is the predicted value and yyis the sample of observations y,
which is used to fit the model and to estimate the posterior distribution
of the parameters. In practice, the cross-validated logarithmic score (LS)
computed from CPO is widely used to evaluate the predictive quality for
Bayesian models. A smaller LS indicates a better prediction of a Bayesian
model. LS is calculated as follows:

n
IS= —%Z log(CPO;) (11)
i=1

(3) Actual prediction accuracy

For logistic regression models, the confusion matrix is commonly
employed to obtain actual prediction accuracy (PA) of the model. If we
use “a” to denote the number of samples whose true values are 1
(e.g., having-cases) and the model-predicted results are also 1; “b” to
denote the number of samples whose true values are 1, but the
model-predicted results are 0 (e.g., no-cases); “c” to denote the number
of samples whose true values are 0, but the model-predicted results are
1; and “d” to denote the number of samples whose true values are 0, and
the model-predicted results are also 0, then the prediction accuracy of
the regions with 1 as the true value is PA(1) = ;4 the regions with 0

as the true value is PA(0) = Hid, and the overall accuracy is PA(1,0) =
%. These three indicators are the larger, the better.

2.4. Bayesian inference

Our models are formalized within a Bayesian framework by extend-
ing the concept of hierarchical structure. For each spatiotemporal hier-
archical Bayesian model, there are three levels, namely, data
distribution, spatiotemporal process, and parameter, with each level
further containing some sub-levels (Bakka et al., 2018). Particularly,
for the data distribution level, we employed the logistic likelihood func-
tion. For the spatiotemporal process level, we combined CAR and RW
sub-models to account for the spatial and temporal random effects
(Martinez-Bello et al., 2018). For the parameter level, we specified the
non-informative priors for the parameters and their variance
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Table 1

Model evaluation results of the five alternative Bayesian models in three cross-validation experiments.

10% Cross-validation

15% Cross-validation

20% Cross-validation

DIC pD s DIC pD s pIC pD S
Model 1 8010.98 6.02 0.5750 7597.18 6.02 0.5774 7203.89 6.01 0.5817
Model 2 7324.76 35.86 0.5258 6936.34 35.77 0.5272 6584.97 35.52 0.5318
Model 3 6523.59 190.52 0.4673 6225.77 188.67 0.4722 5896.36 187.99 0.4752
Model 4 6125.04 19621 0.4394 5840.08 195.11 0.4436 5537.17 194.02 0.4469
Model 5 5191.31 408.24 0.3741 4962.17 301.11 0.3779 4761.72 321.22 0.3848
PA(1) PA(0) PA(1,0) PA(1) PA(0) PA(1,0) PA(1) PA(0) PA(1,0)
Model 1 55.18% 75.77% 64.73% 70.33% 67.70% 69.08% 70.33% 71.65% 70.99%
Model 2 61.45% 81.06% 70.54% 73.44% 70.42% 72.01% 73.46% 75.48% 74.48%
Model 3 76.14% 71.87% 74.16% 80.82% 72.23% 76.74% 79.48% 74.71% 77.07%
Model 4 78.55% 73.26% 76.10% 80.82% 75.32% 7821% 79.22% 77.78% 78.49%
Model 5 80.48% 81.06% 80.75% 83.93% 79.67% 81.91% 83.66% 82.89% 83.27%

Note: (model 1: ordinary; model 2: temporal; model 3: spatial; model 4: spatiotemporal; model 5: STVC). DIC: deviance information criterion; pD: effective number of parameters; LS:
logarithmic score; PA(1): prediction accuracy for have-cases regions; PA(0): prediction accuracy for no-cases regions; PA(1,0): prediction accuracy for all-cases regions.

components, which allowed the observed data to have the greatest in-
fluence on posterior distributions (Schrodle and Held, 2011). We
employed a proximate Bayesian inference approach, named Integrated
Nested Laplace Approximation (INLA) to estimate posterior parameters
of the presented Bayesian models in R software (Lindgren and Rue,
2015). A major advantage of using the INLA approach is a relatively
short computation time with accurate parameter estimates (Rue et al.,
2017). The core codes for fitting general spatiotemporal models have
been published (Blangiardo et al., 2013; Schrédle and Held, 2011;
Ugarte et al,, 2014).

3. Results
3.1. Model evaluation and comparison

Table 1 shows the evaluation results of the five alternative logistic
regression models in three cross-validation experiments. With the low-
est DIC, LS and the highest PA values, the new STVC model (model 5) is
the best model in terms of model fitness and predictive ability, when
compared with the other four models. Although the average complexity
(pp) of the STVC model is almost 57 times that of the traditional ecolog-
ical logistic regression model (model 1), model 5 shows the best model
fitness and predictive ability. Not only that the STVC model performed
best in the Bayesian model evaluation, but also achieved the best in
the cross-validation experiments on average prediction accuracy
(81.98%), compared with ordinary (68.27%), temporal (72.34%), spatial
(75.99%), and spatiotemporal (77.60%) ecological models. On average,
of the three cross-validation experiments, model 5 was able to correctly
predict about 80% of HFMD cases in all three types of regions. In addi-
tion, the spatial information in model 3 had a better performance than
the temporal information in model 2. The combination of spatial and
temporal information in model 4 further improve the performance,
demonstrating the effect of the spatiotemporal integration. Most impor-
tantly, model 5 surpassed model 4 with an average prediction accuracy
increase of 4.38% for the all-cases region, reflecting the benefits of fur-
ther incorporating the spatial and temporal nonstationary characteris-
tics of covariates (climate variables).

3.2. Environmental factors for HEMD

We first used the common OR to detect the overall associations be-
tween environmental factors and HFMD after controlling the spatio-
temporal disease occurrence effects. A multicollinearity evaluation of
the six climate factors shows that the VIFs are all less than five units
(supplementary file Table S2), indicating that the degree of confounding
effects of the climate factors is acceptable. In addition, socioeconomic
covariates selection results accounting for multicollinearity, signifi-
cance, and DIC are summarized in supplementary file S2 (Tables S2,

S3, and S4). Table 2 summarizes overall OR values and the statistics
for the posterior estimated parameters of the selected covariates.
When all covariates are standardized, the OR here can be interpreted
as a relative indicator, i.e., the higher the OR value, the riskier the covar-
iate is.

Among the six climate variables, the HFMD occurrence risk in-
creased as temperature (OR = 2.59), relative humidity (OR = 1.35),
and sunshine hours (OR = 1.06) increased. The disease occurrence
risk decreased as wind speed (OR = 0.95) and air pressure (OR =
0.65) increased. These results suggest that hot and humid climate con-
ditions may be an ideal environment for increasing HFMD occurrence
risk. The OR of precipitation is close to 1, suggesting that it was not re-
lated to HFMD on the scale of the entire region. With regards to the
five selected socioeconomic variables, we found that the HFMD occur-
rence risk increased under higher economic development, demon-
strated by the enterprise number density (OR = 3.43), per capita
household savings (OR = 2.44), and per capita gross domestic product
(OR = 1.41). The children gender ratio (OR = 1.35) indicates a higher
risk for boys than girls. The per capita industrial output (OR = 0.71) is
the only socioeconomic covariate that showed a negative value associ-
ated with HFMD.

3.3. Temporally varying HEMD-climate associations

We then used the optimal model 5 (STVC model) to detect the
HFMD occurrence risk and disease-environment (HFMD-climate) asso-
ciations on both spatial and temporal scales. Fig. 2 shows the trend of
temporally local OR of the disease itself in the entire study area. There
were very obvious seasonal variations during the 36 months from
2009 to 2011, with three high peaks in summer (around May) and
three low peaks in winter (around November). Fig. 3 further illustrates
these temporally varying HFMD-climate associations for six climate

Table 2
Odds ratio (OR) values and estimated posterior parameters of the climate and socioeco-
nomic factors on HFMD occurrence.

Covariates OR  Mean SD 0.025Cl  0.975Cl
Temperature 2.59 0.9508 0.2858 0.3980 1.5201
Relative humidity 135 02978  0.1401 0.0232 05729
Sunshine hours 1.06 0.0621  0.1207 —0.1749 0.2988
Air pressure 095 —0.0423 0.2439 —0.5203 0.4374
Wind speed 0.65 —0.4259 0.1250 —0.6720 —0.1812
Precipitation 0.99 —0.0010 0.0007 —0.0023 0.0004
Enterprise number density 343 1.2326 0.2641 0.7166 1.7532
Per capita household savings 244 0.8921 0.2068 0.4850  1.2971
Per capita gross domestic product 1.41 03465 0.1672 0.0183  0.6748
(GDP)
Children gender ratio 1.35 03015 0.1152 0.0761 0.5281

Per capita industrial output values 0.71 —0.3486 0.2210 —0.7832 0.0844
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Fig. 2. Main temporal risk trend of HFMD occurrence during 36 months from the years
2009 to 2011 in Sichuan, China.

factors. Different from the overall OR in Table 2, the effects of the six cli-
mate factors on HFMD varied during the 36 months. Variations in tem-
perature (x1), relative humidity (x2), and wind speed (x5) were
relatively similar to that of the temporal OR of HFMD itself (Fig. 2),
with three seasonal high peaks during three years. The other three cli-
mate factors did not have this similarity: precipitation (x3), air pressure

C. Song et al. / Science of the Total Environment 648 (2019) 550-560

(x4) and sunshine hours (x6) were related to some high risks in spring
and winter.

3.4. Spatially varying HEMD-climate associations

Fig. 4(a) shows the local OR risk map representing the spatial HFMD
occurrence distribution of the disease itself. In Fig. 5, we used six local
OR risk maps representing the spatially varying HFMD-climate associa-
tions for the six climate factors. We also obtained the hotspot maps
based on the corresponding OR risk maps to show which regions have
significant clusters of high-risk hot spots and low-risk cold spots, as
seen in Figs. 4(b) and 5. Supplemental file S3 includes the details of
the hot spot analysis. Note that “not significant” regions in the hot
spot map do not necessarily indicate absence or presence of risk, just
that the risks in these regions are not significant enough to form a
cluster.

All of the local OR maps in Figs. 4(a) and 5 showed prominent spatial
aggregation characteristics, which suggests that spatial autocorrelation
is useful when applied to both disease and disease-climate associations
in modeling. For risk of HFMD itself in Sichuan Province of China, we
identified three high-risk hot spots in which officials would need to
focus more on in practice, as well as three low-risk cold spots shown
in Fig. 4(b). Comparing hot spot maps between Figs. 4(b) and 5, we dis-
covered: for disease hot spot I, x1 and x2 were significantly contribut-
ing positive risk factors (red); x6 was significantly contributing
negative risk factor (blue); the other climate factors did contribute var-

ious risks at the local scale but were not significant enough to form hot
spots. Similarly, for disease hot spot II, x5 and x6 contributed
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Fig. 3. Temporal nonstationary climate effects on HFMD occurrence during 36 months from the years 2009 to 2011: x 1 temperature, x2 relative humidity, x3 precipitation, x4 air pressure,

x5 wind speed, and x6 sunshine hours.
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Fig. 4. Spatial local odds ratio (OR) map of the main HFMD occurrence risk (a) and its hotspot map (b) at the county level in Sichuan, China.

significantly positive risk, while x2 contributed significantly negative
risks. Lastly, for disease hot spot IIl, x1, x2, and x3 contributed signifi-
cantly positive risk, while x5 contributed significantly negative risks.
With local OR maps, we could further analyze the differences in the con-
tribution of these environmental factors at each monitoring site, which
is of great significance for the prevention and control of local disease
transmission.

4. Discussion

Our results suggest that both climate and socioeconomic factors
were associated with HFMD occurrence under spatiotemporal scales
in Sichuan, China. We also showed that socioeconomic variables were
confounding factors in detecting associations between HFMD and the
climate.

With regards to the climate as a variable, we found, consistent with
the previous studies, that a hot and humid climate might be an ideal en-
vironment for HFMD transmission (Cheng et al., 2018; Onozuka and
Hashizume, 2011; Xiao et al., 2017; Zhu et al., 2015). Moreover, we
found that increased sunshine hours were also positively correlated
with HFMD occurrence. One explanation is that more sunshine hours
will motivate children to spend more time outdoors, which can facilitate
contacts among them via air and body, in turn, the spread of the virus. In
addition, more sunshine hours can increase the surface temperature,
which is good for breeding and transmission of the virus. Wind speed
and air pressure were not positively correlated with HFMD occurrence.

With regards to socioeconomic conditions, most variables that we
tested were positively associated with the HFMD occurrence in Sichuan,
China, i.e., the enterprise number density, per capita household savings,
and per capita GDP, indicating that the economic development was pos-
itively correlated with the occurrence of HFMD. This finding is consis-
tent with other studies of HFMD using different socioeconomic
variables, such as GDP (Huang et al., 2014; Li et al., 2018), enterprise
number density and per capita fixed assets investment (Song et al.,
2018a), and an increase of migratory workers from rural areas (Zeng
et al., 2013). In urban areas, the higher population density leads to an

easy spread of the virus (Li et al., 2018). Most children in the developed
regions of China go to daycares centers or kindergartens, whereas chil-
dren in undeveloped areas usually stay at home where there is less of a
chance to be in contact with HFMD-infected children (Xu, 2017). Our
finding that boys had a higher risk than girls is also consistent with
other studies, e.g., (Xu, 2017; Zeng et al., 2013) and (Wang et al.,
2011b). The per capita industrial output was the only socioeconomic co-
variate that was negatively correlated with HEMD occurrence, possibly
because the pollution in those industrial areas reduced the outdoor ac-
tivities of children.

Going beyond the overall disease-climate associations aforemen-
tioned, a more important contribution of this study is that we have de-
tected the local-scale spatial and temporal variations in the HFMD-
climate associations, i.e., spatiotemporal nonstationary varying random
effects, in the Sichuan Province of China.

In the temporal dimension, our results indicated that the temporal
disease-climate associations between HFMD and air temperature, rela-
tive humidity as well as wind speed were very similar to the temporal
trend of HFMD itself. This suggests that these three climate variables
are better explanatory factors for HFMD occurrence at a localized tem-
poral scale relating to the disease throughout 36 months of three
years, with the highest risk peak during summer around May, as consis-
tent with other studies (Li et al., 2014; Xing et al., 2014). In addition, we
found that there was a second peak in winter (Ma et al.,, 2010) of each
year in Fig. 1, and upon further examination (Fig. 3), we found that
the precipitation, air pressure and sunshine hours might be related to
that increase. Temporally varying disease-climate associations indicate
that both hot and humid environments in the summer, and cold and
dry environments in the winter may contribute to HFMD occurrence
risk increase.

In the spatial dimension, we created maps that exhibit clusters (spa-
tial autocorrelation) of HFMD itself and its associations with the climate
in Sichuan Province. The nonstationary HFMD-climate associations
were more complicated in the spatial dimension than the temporal di-
mension. Our findings extend the results of a recent study that explored
the spatially nonstationary impact of air temperature on HFMD (Liao
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etal., 2016) by including six climate factors rather than only air temper-
ature, and also by on a spatiotemporal scale. In addition, the spatially
nonstationary random effects of covariates (varying coefficients) em-
bedded in the STVC model could capture local spatial relationships be-
tween climate and disease. Such information cannot be achieved by
models that do not incorporate spatially nonstationary effects (Li
etal.,, 2018). The results showed important implications of strong spatial
patterns of HFMD occurrence risk and disease-climate associations in Si-
chuan, China. Our risk maps reveal hot spot counties to which particular

governmental interventions about HFMD should be applied, and where
particular attention to the local effects of climate on the disease is
needed.

In summary, the main contribution of this study is to propose the
STVC model for local regression modeling and demonstrate its advan-
tages in both environmental science and spatial statistics. We summa-
rized the advantages of the STVC model in three aspects as follows.

I. Methodological development
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The core novelty of the proposed STVC model is the incorporation of
the nonstationary random effects in both spatial and temporal dimen-
sions, which is an important extension and improvement of the former
regression models. Specifically, the modifications to the former three
categories of regression models are summarized as below:

Firstly, the STVC model with spatiotemporally nonstationary as-
sumption is an alternative to the common ecological regression ap-
proaches and nonlinear evaluation models, such as generalized linear
model (GLM) or generalized additive model (GAM), where covariates
effects are assumed to be homogenous (stationarity) across space and
over time (Wakefield, 2006); Secondly, the STVC model is an important
extension of the SVC model into the spatiotemporal form (Wolf et al.,
2018); Thirdly, the STVC model is an improvement to the general spa-
tiotemporal models that only incorporate spatial and temporal random
effects in the intercept component (Blangiardo et al., 2013), not the ob-
served independent covariates.

The STVC model implements the nonstationarity assumption by
obtaining local spatial and temporal coefficients for observable explan-
atory variables, which seems to be more reasonable and realistic (Leyk
et al,, 2012; Osei and Stein, 2017), as the model's fitness and prediction
accuracy got improved.

II. Applications of the STVC model

With regards to disease mapping, the STVC model is effective in lo-
calizing the associations between disease outcome and covariates,
while the traditional disease mapping only considers the spatial distri-
bution of the disease itself (Best et al., 2005). To our best knowledge,
this study is the first that produces spatialized local OR values that can
be directly utilized in mapping disease-covariate associations in envi-
ronmental epidemiology.

Moreover, most previous environmental studies treat the exposure-
response relationship as being constant across space and over time
(Nieuwenhuijsen, 2015), the STVC model offers a new approach to cap-
ture spatiotemporal local-scale variations in associations between envi-
ronmental factors and health outcomes. This approach can be
generalized and applied to other applications in the broader environ-
mental science, especially for large-scale geographical datasets.

Ill. Method versatility and scalability

The BHM-based STVC model is relatively more convenient to be con-
verted into other types to adapt different research objects compared
with frequency domain statistics (Wolf et al., 2018), due to the advan-
tages of Bayesian statistics and hierarchical modeling framework
(Blangiardo et al., 2013). For instance, the STVC model is not limited
to logistic distribution for an independent; instead, it can be applied to
a broad variety of likelihood models for different data distributions,
such as Gaussian, Poisson, binomial, and negative binomial (Bakka
et al., 2018).

There are some limitations to our study. Firstly, the socioeconomic
data used in this study do not contain any temporal changes, as the
data are the summation of one year. Secondly, we did not include
such environmental factors as land cover, land use (He et al., 2015),
and air pollution (Yang et al,, 2018; Yin et al., 2018), which could poten-
tially influence HFMD. Thirdly, there might be unreported HFMD cases,
but we were not able to obtain tangible information about
underreporting (Hu et al., 2012), which is a potential bias in modeling.
Finally, our proposed STVC model was trained using only the HFMD
data in the Sichuan province of China, and should in the future be ap-
plied to the larger study area, different data distributed assumptions
and other infectious diseases.

5. Conclusions

In this study, we proposed a new local regression approach, named
spatiotemporally varying coefficients (STVC) model under the BHM
framework to detect the nonstationary exposure-response relation-
ships between the dependent and independent variables in both spatial
and temporal dimensions, and successfully applied it to HFMD case. Our
study expanded the limited knowledge of the complex local-scale non-
stationary associations between climate factors and HFMD, revealing
the temporally nonlinear (seasonal trends) and spatially clustered
(hot spots) disease-climate relationships in Sichuan, China. To our
best knowledge, this is the first study that investigates both spatial
and temporal nonstationary effects of climate on HFMD. We found
that air temperature, relative humidity, and wind speed were not only
overall related to the increase of HFMD occurrence, but also demon-
strated spatiotemporal variations in their local associations with
HFMD in Sichuan, China. These findings can help deepen the under-
standing of complex associations between HFMD and climate, and pro-
vide support for county-level HFMD prevention and control. In addition,
the STVC model with logistic distribution has solved the OR
spatialization problem for advanced mapping on disease-environment
associations. More importantly, the proposed Bayesian STVC model
should be a new alternative and sophisticated category method for
local regression modeling in spatial statistics and Geostatistics. The
STVC model could be an efficient way to capture spatiotemporal nonsta-
tionary exposure-response relationships for detailed exposure assess-
ments and advanced risk mapping with large-scale geospatial data,
not only important to environmental epidemiology, but also offer new
insights to the broader environmental science.
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