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Introduction

Considering that the model choices in time series regression (TSR) and distributed lag non-
linear models (DLNM) could potentially have a crucial impact on the results, we have done a
systematic sensitivity analysis to evaluate the validity of our model choices. This sensitivity
analysis covered six sections, each of which addressed one critical issue in the model choices

of TSR and DLNM, including:

1. Controlling for long-term trends and seasonality;

2. Controlling for the measured time-varying confounders;

3. Controlling for autocorrelations caused by disease transmission;

4. Choices of the lag structure of temperature effects on HFMD;

5. Choices of the flexibility of the shape of exposure-response relationship;

6. Choices of the statistical models.

For each section, it began with brief summaries of prior knowledge on that issue, including the
related biological and epidemiological knowledge of HFMD infections, and also previous
model choices in literature. The prior knowledge was used to inform our initial model choice.
Follow that, we further varied the model choices to examine their impacts and compared with
alternatives. The sensitivity analysis was based on empirical data from the 143 cities in

mainland China.

We adopted the one-way sensitivity analysis strategy, with only one choice been evaluated in
each step while others remain fixed. The model choices were evaluated sequentially (from issue
1 to issue 6) according to the sequence of time series modelling and their relative importance
to resultant conclusions. And the sensitivity analysis in the current step was based on the

conclusion drawn from the last step.

The following are some indices we used to evaluate our model choices.
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Quasi Akaike Information Criterion (QAIC) [1]: QAIC is modified version of AIC to deal
with the over-dispersed Poisson model, which can be used to assess the model fit of the quasi-
Poisson regression model. In the following sensitivity analysis, the sum of QAIC from the 143

cities was used to represent the overall model fits by adopting certain model choice.

The average of estimates: The average of estimates is the mean of linear estimates of
temperature effect at lag 4 from the 143 cities. This index was used in section 1-3 to evaluate
if the model choices would systematically increase or decrease the model estimates so that we
can explore the potential bias. Our assumption is that if the linear estimate at a single lag was
robust to the model choice, then the more complex exposure-lag-response relationship would
be robust to the model choice as well. The lag 4 was informed by the median incubation period

of HEMD [2].

The sum of partial autocorrelation coefficients (Sum of PACF): The sum of PACF is the
sum of the absolute value of the partial autocorrelation function (PACF) of the residuals for a
fixed number of lags (lag 0 to 28 days was used in this analysis). The overall sum of PACF
from the 143 cities was used to compare the autocorrelation of residuals between different

model choices. A smaller number means the residuals are less autocorrelated.

Section 1: Controlling for long-term trends and seasonality

Prior knowledge

Both our preliminary analysis and previous literature [3] suggest that the annual fluctuation
patterns of HFMD were irregular in some cities. Therefore, we ruled out methods using the
explicit function of time (such as strata indicators for month and year, Fourier terms and etc.)
to adjust the long-term trends and seasonality. Those methods assumed either a constant or

repeated temporal behaviour which might not appropriate for describing the temporal trends of



HFMD. Therefore, we focused our model choice on a more flexible approach - a smooth

function of time or time splines in the following sensitivity analysis.

The inclusion of a smooth function of time in a regression model is a classical approach to
adjust temporal trends (or unmeasured time-varying confounding). However, a controversial
issue is determining how much smoothness (measured with degrees of freedom (df) of spline
function) we should allow for the smooth function of time [1]. Previous studies used a df ranged
from 2 [4] to 7 [5] df per year. However, no explicit reason was given in previous literature
why they choose that certain df. For non-accidental mortality studies, a well acknowledged
empirical choice of the smoothness of spline is 7 df per year [6]. However, the empirical
knowledge might be not applied to infectious disease. Intuitively, it may be reasonable to
assume that the incidence of infectious disease would be more sensitive to the seasonal trends
of unmeasured confounders than the non-infectious disease. Therefore, we would expect the df

is slightly larger than 7 per year.

A very large df is also not acceptable. It can remove too much temporal variability and
potentially attenuate a true effect [1]. Considering that the survival time of Enterovirus is about
4 weeks in an ideal environment [7], the df should be no larger than 10 per year (equivalent to
a knot interval of 5 weeks) to avoid the time splines compete with environmental variables in

explaining outcome variation.

Sensitivity analysis

In the sensitivity analysis, we varied the df of time splines from 1 to 10 df per year to explore
its impact. Both the estimates (measured with the average of estimates) and model fits
(measured with the sum of QAIC) were evaluated for each df. The results were displayed in

Fig 1.
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Figure 1. The average estimates of temperature effects (left panel) and overall model fits (right
panel) from the 143 cities for different df of time splines.

Both the estimates of temperature effect and model fits gradually decreased until the df reached
8 per year. It implies that the results may have the risk of being confounded by temporal trends
if using a df less than 8 per year. When the df exceeded 8 per year, both the estimates of
temperature effect and model fits remained at a stable level. The results from sensitivity
analysis agree with the prior knowledge. Therefore, we set the df of time splines as 8 per year

in our final model.

Section 2: Controlling for the measured time-varying confounders

Prior knowledge

The associations between HFMD and other meteorological variables have been reported in
numerous previous studies. Therefore, we considered other meteorological variables as the
measured time-varying confounders, including relative humidity, air pressure, rainfall and
sunshine hours. As a standard procedure, the effect of day of week (DOW) and holiday
(including the summer and winter vacations for elementary school, and national public holidays)

were also included as the potential confounders.

A remaining issue is how to incorporate these confounders. Specifically, should we assume a
linear or nonlinear relationship between outcome and confounders? And how many lags should

be included? By using a vast array of distributed lag models with flexible specifications, Welty



et al [8] found that estimates are relatively insensitive to the choice of confounder model, as
long as some minimal representation is included. In literature, most studies prefer to use a
simple form of confounder model. Apart from temperature, other meteorological variables

were normally modelled as a linear term with certain lags.

Just to make sure, we still evaluated the impact of association pattern (i.e. linear or nonlinear)
and lag structure (i.e. how many lags should be included) of confounder model in the sensitivity

analysis.

Sensitivity analysis

For simplicity, we only showed the results of relative humidity in this document. Other
confounders have been evaluated in a similar way. We compared 9 different settings of
confounder model by varying the association pattern and lag structure, the details were given
in Table 1. Setting CO is the null model with no confounder. Setting C1 to C4 is the confounder
models with the linear assumption of association pattern. Setting C1 is the confounder model
with only one lag (corresponding to the lag of temperature). Setting C2 to C4 is the confounder
model with multiple lags. On this basis, we further evaluated different ways of summarising
multiple lags by using simple and exponential moving average and distributed lags model. The
distributed lag model was constrained by a natural cubic spline with 4 df. Similarly, setting C5
to C9 is the confounder models with the nonlinear assumption of association pattern. The
nonlinear association was described by a natural cubic spline with 3 df. The estimates of

temperature effects and model fits were then compared among different settings in Fig 2.



Table 1. Different settings of confounder model of relative humidity

Confounder model Notation Confounder model Notation
No confounder Co - -

Linear relationship: c1 Nonlinear relationship: 5
Single lag 4 Single lag 4

Linear relationship (lag 4-10): c2 Nonlinear relationship (lag 4-10): c6
Simple moving average Simple moving average

Linear relationship (lag 4-10): c3 Nonlinear relationship (lag 4-10): c7
Exponential moving average Exponential moving average

Linear relationship (lag 4-10): ca Nonlinear relationship (lag 4-10): cs

Distributed lags model Distributed lags model

Our results generally agree with Welty et al’s study. First, we could conclude that relative
humidity is an important confounder for the temperature-HFMD association. A dramatical
change of the estimates of temperature effects was seen after including relative humidity.
Second, it seems like the impact of association pattern of relative humidity (linear or nonlinear)
is negligible. The results of linear and nonlinear settings were nearly identical. Third, we found
that the estimates of temperature effect are sensitive to the length of lags. A short lag length
may downward bias the estimates. The last, we found the exponential moving average has a
similar performance as the distributed lags model. Therefore, for parsimony’s sake, the
exponential moving average of relative humidity in the same lag range of temperature effects

was incorporated into our final model.

Estimates of temperature effects form the 143 cities The overall model fits form the 143 cities
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Figure 2. The average estimates of temperature effects (left panel) and overall model fits (right
panel) from the 143 cities for different setting of confounder model (relative humidity).



Section 3: Controlling for autocorrelations caused by disease transmission

Prior knowledge

Unlike the non-infectious disease, the transmission of infectious disease may cause strong
autocorrelations in the residuals even after long-term trends and seasonality have been adjusted
for [9, 10]. As seen in Fig 3, the autocorrelation plot of residuals based on the overall time
series of HFMD counts in mainland China confirmed the above point. After long-term trends
and seasonality have been removed by the time splines, we can still find strong autocorrelations

at lag 1 and 2. Besides, significant autocorrelations can also be detected at longer lags.

From the statistical point of view, the autocorrelation plots suggest that we can incorporate the
autoregressive terms of lag 1 and 2 to adjust most part of the autocorrelations. Alternatively,
researcher suggests that the choice of lag should be informed by the time from onset of one
case to another infected from the first (i.e. the serial interval of infectious disease) [9].
Considering that the median incubation time is 4 days and the HFMD cases normally are most
contagious during the first week [2], a biologically plausible choice of autoregressive terms
would be the inclusion of lags between 4 to 10 days. In the following sensitivity analysis, both

choices of autocorrelation adjustments were evaluated and compared.
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Figure 3. The ACF and PACF plot of residuals after long-term trends and seasonality have
been removed (by the time splines with 8 df per year). The results were based on the overall
time series of HFMD counts in mainland China.

Another remaining issue is how to determine the scale of the autoregressive term. The original
scale of autoregressive terms was normally used in previous studies [4, 11]. However, the time
series susceptible-infectious-recovery model (TS-SIR) suggest that the logarithm of lagged
counts could better match the likely mechanism of infectious disease transmission [9, 12]. The
TS-SIR is a mathematical modelling approach based on the mechanism of transmission

dynamics of infectious disease. A simplified version of TS-SIR model was given as follows.

St-1
Iy = 9t—11ta—1(—N )Y &
t—1

The above equation described how the current number of infections depend on previous
infections, susceptible and population size. After transformation and taking a Taylor series
approximation, the above equations can be rewritten as the following equation, which implies

the transmission can be modelled as the logarithm of lagged counts.

m
Y
log(ly) = log(6;-1) + alog(l;—1) + Fz Ie_ik; +log(es)
t9=0

Sensitivity analysis

In the sensitivity analysis, we compared 7 different settings of autoregressive terms, the details
were given in Table 2. Setting A0 is the null model without any adjustment of residual
autocorrelations. Setting Al to A3 is the autocorrelation adjustment based on the statistical
diagnostic plot of residuals with autoregressive terms at lag 1 and 2 being incorporated. On this
basis, we further evaluated two different scales of autoregressive terms — original and log scale.
For parsimony’s sake, we also evaluated the incorporation of a moving average of multiple
autoregressive terms on log scale. Similarly, setting A4 to A6 is the autocorrelation adjustment

based on the biological mechanism with autoregressive terms at lag 4 to 10 being incorporated.
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To avoid the potential collinearity issue, we imposed a shape on the lag distributions of
autoregressive terms by using a natural cubic spline function with 4 df. The residual
autocorrelations (measured with the sum of PACF), model fits and estimates of temperature

effects from the 143 cities were then compared among different settings in Fig 4.

Table 2. Different settings of autoregressive terms

Autoregressive term Notation  Autoregressive term Notation
No autoregressive term A0 - -
Statistical adjustment (lag 1-2): Al Biological adjustment (lag 4-10): A4
Original scale Original scale

Statistical adjustment (lag 1-2): A2 Biological adjustment (lag 4-10): AB

Log scale Log scale

Statistical adjustment (lag 1-2): A3 Biological adjustment (lag 4-10): A6

Moving average on log scale Moving average on log scale

The results suggest that the statistical adjustment had a better performance in both reducing the
residual autocorrelations and improving the model fits. Both adjustments suggest that the
logarithm scale is the best choice. It is interesting to note that different adjustments can lead to
the estimates of temperature effects moving towards to different directions. That’s because the
associations between temperature and HFMD varies at different lags. Further discussion was

given in section 4.

To intuitively illustrate the effects of different adjustment on the residuals, we also displayed
the autocorrelation plots of residuals based on the overall time series for different adjustments
in Fig 5. As the autocorrelation plots shown, the statistical adjustment can remove most of the
autocorrelations in the residuals. However, the biological adjustment failed to remove the
autocorrelations at those short lags. It also implies that some other reasons might contribute to
the autocorrelations at short lags (lag 1 and 2) apart from the transmission of infectious disease,
for example, doctors may tend to diagnose more cases if the number of cases was high
yesterday. Furthermore, some researcher worried about the inclusion of past cases would cause

downward bias because the past infections were on the causal path of the effect of exposures
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[9, 13]. Therefore, using the statistical adjustment could have another advantage of avoiding

over adjustment bias. In our final model, we adopted the statistical autocorrelation adjustment

by including autoregressive terms at lag 1 and 2 on logarithm scale.
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Figure 4. The model fits (left top panel), average of estimates of temperature effect (right top
panel) and overall autocorrelations of residuals (left bottom panel) and from the 143 cities for
different settings of autoregressive terms.
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Section 4: Choices of the lag structure of temperature effects on HFMD

Prior knowledge

HFMD cases normally get infected from two routes: exposure to the infectious case (human to
human) or environmental reservoir (environment to human) [14]. The meteorological variables
may have impacts on both transmission routes. For human to human route, the meteorological
variables may affect the host behaviour which could, in turn, impact the contacts between
individuals and the transmission of disease [15]. And the effect of meteorological variables
from this route is more likely immediate. For the environment to human route, different kinds
of environment could prolong or curtail the survival time of HFMD related Enteroviruses.
Therefore, the effect of meteorological variables from the environment to human route could
be delayed. To determine the time of delayed effects, we should know the survival time of
HFMD related Enterovirus in different environments. McAnulty et al’s study [7, 16] showed
that the general Enterovirus can survive in liquid and semi-sold media (which is a relatively
ideal environment for the survival of Enterovirus) for about 4 weeks. Therefore, we believe 4
weeks could be a reasonable choice for the maximum lag of delayed effects between
temperature and HFMD. Besides, there is an intrinsic delay between HFMD and potential risk

factors — the incubation period (4 days for HFMD) which also should be taken into account.

The max lag of delayed effects of temperature-HFMD associations used in literature ranged

from 10 [17] to 21 days [18]. Most of the previous studies applied a max lag around 2 weeks.

Sensitivity analysis

To explore the whole lag structure of temperature effects, we applied a unconstraint distributed
lag model with a max lag up to 30 days. The results were displayed in Fig 6. The results showed
that the estimates of temperature effects gradually move toward to null. After the lag 14, the

estimates began to fluctuate around zero. Between lag 4 to 14 days, we found stable positive
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associations between temperature and HFMD. However, the associations at lag 0 to 3 varied
dramatically. A very strong positive association was found at lag 0. Afterwards, the association
quickly changed to negative at lag 1 to 3. The finding was in agreement with several other
studies [17, 19]. However, the positive associations at lag 4 to 14 days were more biologically

plausible in light of the incubation time of HFMD infections.

The underlying mechanism for the dramatical change of temperature-HFMD associations
between lag 0 to lag 4 still remained unclear. It is unlikely that those associations are driven by
the temperature effects on the transmission of HFMD because it takes time from infection to
the onset of the symptom (i.e. incubation period of infectious disease). Interestingly, A similar
phenomenon can be found in previous studies of temperature effects on all-cause mortality
counts (non-infectious disease) [20]. The hot temperature has an immediate effect on all-cause
mortality at current day and then disappear after 1-2 days. We suspect that the hot temperature
may bring forward the onset of HFMD symptom for those individuals who have already got
infected. That could explain why there is a strong association at current day. And the negative
associations in the next few days could be explained by the harvesting effects [21, 22]. Another
evidence can support our hypothesis is that the effect at lag 0 approximately equal to the overall
effects of lag 1-3. Therefore, we believe the positive associations seen between lag 4 and 14 is
the “true” temperature effect on HFMD infections. Including the effects of lag 0 to 3 will not
affect the overall estimates of the temperature effect. However, the interpretation should be

different.

In our final model, we used a lag range of 4 to 14 (an interval of 11 days) to represent the lag
structure of temperature effects on HFMD. As most of the previous studies applied a max lag
around 2 weeks, using the maximum lag of 14 days can also make our results more comparable
with previous studies. To overcome the collinearity issue, we imposed a shape on the lag
distributions of autoregressive terms by using a natural cubic spline function with 4 df. Because

15



our main study interest is the shape of exposure-response relationship other than the lag-
response relationship, we did not put many efforts on determining the best choice of the
flexibility of the lag distribution. Based on a visual check on Fig 6, we believe a natural cubic

spline with 4 df would be sufficient to capture the complexity of lag distribution.

The estimates of temperature effect at different lags from the 143 cities
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Average of estimates
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|
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Lag on daily basis

Figure 6. The average of estimates of temperature effect at different lags (up to 30 days) from
the 143 cities.

Section 5: Choices of the shape of exposure-response relationship

Prior knowledge

Extreme temperature (either too cold or too hot) will have adverse effects on the survival of
Enterovirus [23] and also the human activity [15]. Both mechanisms could, in turn, affect the
transmission of HFMD. Therefore, it is biologically plausible to assume that the relationship

between temperature and HFMD might be nonlinear.

Numerous previous studies also suggest a nonlinear relationship between temperature and
HFMD [19, 24, 18, 5]. In literature, the nonlinear temperature-HFMD relationship has been

described by natural cubic splines with df varied from 3 [18] to 6 [25].
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Sensitivity analysis

In the sensitivity analysis, we compared different settings of exposure-response relationship,
including both linear and nonlinear assumption. The nonlinear relationship was described by
the natural cubic splines. We varied the df of natural cubic splines from 3 to 8 to fully explore
the possible nonlinear exposure-response relationship. Both the overall shape of the exposure-

response relationship and the model fits from the 143 cities were then compared.
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Figure 7. The pooled estimates of temperature effect (shape) from the 143 cities for different
settings of exposure-response association.

As Fig 7 shown, the wiggling of the shape of temperature-HFMD relationship increased with
increased df of natural cubic splines. However, the shape generally remained stable when df
exceeded 4 which was characterised by an approximately inverted V shape. The result was in
agreement with most of the previous studies [26, 19, 5, 18]. The overall model fits in Fig 8 also
suggested that the natural cubic splines with 5 df have the best performance. Therefore, we
used the natural cubic splines with 5 df to describe the nonlinear relationship between

temperature and HFMD in our final model.

The overall model fits form the 143 cities
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Figure 8. The overall model fits from the 143 cities for different settings of the exposure-
response relationship.

Section 6: Choices of the statistical models

Prior knowledge

Both the quasi-Poisson and negative binomial models are commonly used in infectious disease
modelling to address the overdispersion issue. The two models assume a different relationship
of variance to mean. Negative binomial gives smaller sites more weight and allows smaller
sites to have a greater effect [27]. In our case of modelling infectious disease, small counts in

time series data mean that the time falls into the inter-epidemic period with a small number of
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cases. During this period, there is usually no sufficient susceptible individuals to trigger the
epidemic even the environment is suitable. Therefore, it might be reasonable to give smaller

counts less weight, just as the quasi-Poisson model does.

Based on empirical experience, those two models yield similar estimates of regression
coefficients if overdispersion is not very high [9]. After adjusting for the measured and
unmeasured confounding, we would expect the overdispersion should be not very serious.
However, the quasi-Poisson would be preferable because it has a simpler parametric form given

that two model could yield similar estimates.

Sensitivity analysis

In the sensitivity analysis, we compared the shape of temperature-HFMD relationship (our
main study interest) between quasi-Poisson model and negative binomial model. The results
were displayed in Fig 9. As we expected, the difference between quasi-Poisson model and
negative binomial model is negligible. Therefore, we chose the quasi-Poisson model for the

sake of simplicity.

Quasi-Poisson model Negative binomial model

Pooled estimates of temperature effect from the 143 cities Pooled estimates of temperature effect from the 143 cities
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Figure 9. The pooled estimates of temperature effect (shape) from the 143 cities for Quasi-
Poisson model (left panel) and Negative binomial model (right panel).
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Table A.1. Lists of the 143 cities in mainland China which have been included in this study.

Administrative Province City Administrative Province City Administrative  Province City

code name name code name name code name name
1101 Beijing Beijing 3311 Zhejiang Lishui 4405 Guangdong  Shantou
1201 Tianjin Tianjin 3401 Anhui Hefei 4408 Guangdong  Zhanjiang
1301 Hebei Shijiazhuang 3403 Anhui Bengbu 4415 Guangdong  Shanwei
1302 Hebei Tangshan 3408 Anhui Anging 4417 Guangdong  Yangjiang
1303 Hebei Qinhuangdao 3410 Anhui Huangshan 4501 Guangxi Nanning
1305 Hebei Jingtai 3412 Anhui Fuyang 4502 Guangxi Liuzhou
1306 Hebei Baoding 3414 Anhui Chaohu 4503 Guangxi Guizhou
1307 Hebei Zhangjiakou 3415 Anhui Liuan 4504 Guangxi Wuzhou
1308 Hebei Chengde 3416 Anhui Bozhou 4505 Guangxi Beihai
1310 Hebei Langfang 3501 Fujian Fuzhou 4507 Guangxi Qinzhou
1401 Shanxi Taiyuan 3502 Fujian Xiamen 4509 Guangxi Yulin
1402 Shanxi Datong 3506 Fujian Zhangzhou 4510 Guangxi Baise
1404 Shanxi Changzhi 3507 Fujian Nanping 4512 Guangxi Chizhou
1408 Shanxi Yuncheng 3508 Fujian Longyan 4513 Guangxi Laibin
1410 Shanxi Linfen 3509 Fujian Ningde 4601 Hainan Haikou
1501 Neimeng Huhehaote 3601 Jiangxi Nanchang 4602 Hainan Sanya
1502 Neimeng Baotou 3602 Jiangxi Jingdezhen 5001 Chongging  Chongging
1504 Neimeng Chifeng 3607 Jiangxi Ganzhou 5101 Sichuan Chengdu
1505 Neimeng Tongliao 3608 Jiangxi Jian 5104 Sichuan Panzhihua
2101 Liaoning Shenyang 3609 Jiangxi Yichun 5107 Sichuan Mianyang
2102 Liaoning Dalian 3701 Shandong Jinan 5108 Sichuan Guangyuan
2103 Liaoning Anshan 3702 Shandong Qingdao 5109 Sichuan Suining
2105 Liaoning Benxi 3707 Shandong Weifang 5111 Sichuan Leshan
2106 Liaoning Dandong 3710 Shandong Weihai 5113 Sichuan Nanchong
2107 Liaoning Jinzhou 3711 Shandong Rizhao 5115 Sichuan Yibin
2108 Liaoning Yinkou 4101 Henan Zhengzhou 5118 Sichuan Yaan
2109 Liaoning Fuxin 4102 Henan Kaifeng 5119 Sichuan Bazhong
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Administrative Province City Administrative Province City Administrative  Province City

code name name code name name code name name
2113 Liaoning Chaoyang 4105 Henan Anyang 5201 Guizhou Guiyang
2201 Jilin Changchun 4107 Henan Xinxiang 5203 Guizhou Zunyi
2203 Jilin Siping 4110 Henan Xuchang 5204 Guizhou Anshun
2205 Jilin Tonghua 4112 Henan Sanmenxia 5301 Yunnan Kunming
2208 Jilin Baicheng 4113 Henan Nanyang 5304 Yunnan Yuxi
2301 Heilongjiang  Haerbin 4115 Henan Xinyang 5305 Yunnan Baoshan
2302 Heilongjiang  Qigihaer 4117 Henan Zhumadian 5306 Yunnan Zhaotong
2303 Heilongjiang  Jixi 4201 Hubei Wuhan 5307 Yunnan Lijiang
2307 Heilongjiang  Yichun 4202 Hubei Huangshi 5309 Yunnan Linchang
2308 Heilongjiang  Jiamusi 4205 Hubei Yichang 6101 Shaanxi Xian
2310 Heilongjiang  Mudanjiang 4210 Hubei Jinzhou 6106 Shaanxi Yanan
2311 Heilongjiang  Heihe 4301 Hunan Changsha 6107 Shaanxi Hanzhong
2312 Heilongjiang  Suihua 4302 Hunan Zhuzhou 6108 Shaanxi Yulin
3201 Jiangsu Nanjing 4304 Hunan Hengyang 6109 Shaanxi Ankang
3203 Jiangsu Xuzhou 4305 Hunan Shaoyang 6301 Qinghai Xining
3204 Jiangsu Changzhou 4306 Hunan Yueyang 6401 Ningxia Yinchuan
3206 Jiangsu Nantong 4307 Hunan Changde 6404 Ningxia Guyuan
3208 Jiangsu Huaian 4310 Hunan Binzhou 6405 Ningxia Zhongwei
3301 Zhejiang Hangzhou 4401 Guangdong Guangzhou 6501 Xinjiang Wulumugi
3307 Zhejiang Jinhua 4402 Guangdong  Shaoguan 6502 Xinjiang Kelamayi
3308 Zhejiang Quzhou 4403 Guangdong  Shenzhen
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Table A.2. Summary statistics of the city-level characteristics for the

143 cities in mainland China, 2009-2014.

Variables Median Min 25th 75th Max
Disease burden of HFMD

Total number of clinical HFMD cases 10105 711 4479 21596 257005
Geographical locations

Latitude (degree north) 32.0 18.1 26.8 38.4 50.2
Longitude (degree east) 114.1 84.5 109.3 118.6 130.6
Altitude (meter) 121.6 2.4 48.0 406.4 2392.4
Climate differences

Temperature (<C, mean *sd) 158+98 1.0#£159 10.6+10.3 18.3+9.0 24.3 £4.6
Relative humidity (%, mean +sd) 69.4 +156 459+16.3 60.0+18.8 73.8+126 89.0+6.8
Air pressure (hPa, mean =sd) 1000 +8 763 £3 968 +7 1009 +9 1016 +10
Rainfall (mm, mean =sd) 2.4 8.7 04=+138 15+51 3.6 x11.5 6.7 +16.4
Sunshine (hour, mean =sd) 5142 2.4 3.1 4.4 +£3.7 6.6 +£3.9 8.6 +3.6
Demographic variables

Population increase (%) 4.6 -10.4 1.6 8.2 46.8
Population density (people per km?) 750 13 377 1423 11449
Economic variables

GDP per person (CNY) 36681 8740 25603 54816 121387
GDP increase (%) 14.2 4.5 13.0 16.0 26.0
Health resources

Licensed physicians (per 1000 persons) 3.2 0.5 2.3 4.0 8.7
Hospital beds (per 1000 persons) 6.2 0.9 4.6 7.7 17.4
Traffic

Total travel passengers a year

(%10.000) passengers a y 6750.8 561.4 4077.3 13514.1 156407.4
Proportion of students in general population

Number of elementary school students 69.9 391 58.3 86.9 2445

(per 1000 persons)
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Fig. A.1. The geographic distributions of meta-predictors for the 143 cities in mainland China, 2009-2014.
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Fig A.2. Estimated temperature-HFMD curves in relative risk for

different meta-predictors,

including temperature,

relative

humidity, altitude, sunshine hours and air pressure.
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Table A.3. The results of model comparisons

Models LR test Model fits ~ Cochran Q test |2
Stat df P AIC Stat di P %
Comparison 1: Rainfall vs temperature, latitude, relative humidity and sunshine
Rainfall only (reference) 501.3 2106.1 705 <0.000 66.5
Rainfall + Temperature 6.7 5 0.246 504.6 2081.2 700 <0.000 66.4
Rainfall + Latitude 55 5 0.358 505.8 2086.2 700 <0.000 66.4
Rainfall + Relative humidity 7.9 5 0.161 503.4 2083.0 700 <0.000 66.4
Rainfall + Sunshine 86 5 0126  502.7 2080.0 700 <0.000 66.3
Comparison 2: Altitude vs air pressure
Altitude only (reference) 522.4 2180.3 705 <0.000 67.7
Altitude + Air pressure 82 5 0146  524.2 2141.8 700 <0.000 67.3
Comparison 3: Rainfall vs altitude
Rainfall only (reference) 501.3 2106.1 705 <0.000 66.5
Rainfall + Altitude 100 5 0.074 501.2 2065.1 700 <0.000  66.1
Comparison 4: Temperature vs rainfall, altitude
Temperature only (reference) 514.3 2130.4 705 <0.000 66.9
Temperature + Rainfall 19.7 5 0.001 504.6 2081.2 700 <0.000 66.4
Temperature + Altitude 114 5 0.043 512.9 2085.8 700 <0.000 66.4
Comparison 5: Regional indicator vs rainfall, altitude
Region only (reference) 446.9 1737.4 675 <0.000 61.1
Region + Rainfall 1.0 5 0.962 455.9 17325 670 <0.000 61.3
Region + Altitude 325 5 0.662  453.7 17248 670 <0.000 61.2

For comparison 1 and 2, we examined whether the effect of meta-predictors can be explained
by other meta-predictor. Variables are grouped because they have similar geographic
distributions and modification effects on the temperature-HFMD curve. Rainfall and altitude
were chosen as the reference model because they have the best ability to explain heterogeneity
within groups. After adjusting for rainfall and altitude, other meta-predictors were not

significant anymore.

For comparison 3, we examined whether the modification effects of rainfall and altitude can

be explained by each other. We found they had independent contributions.

For comparison 4, we examined whether the modification effects of rainfall and altitude can

be explained by the differences in absolute temperature. After adjusting for absolute

27



temperature, we found the modification effects of rainfall and altitude were still statistically

significant.

For comparison 5, we examined the residual effects of rainfall and altitude after adjusting for

the region. We found there were no residual effects of rainfall and altitude.

All the estimations and comparisons were made based on the relative scale measurement of

temperature with reference at 50" of temperature.
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