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ARTICLE INFO ABSTRACT

Keywords: Background: Tuberculosis (TB) remains a clinical and epidemiological challenge in the geriatric population. We
B aim to examine the spatial-temporal pattern of TB in the geriatric population and its relationship with me-

BﬂY§Siﬁn teorological & sociodemographic factors using the Bayesian conditional autoregressive (CAR) model.
SPatfai | Method: An ecological design was used in the geriatric (age > = 65 years) population from 2005 to 2015.
:?;;?y'tempora Spatial autocorrelation and hot spots were explored using geographical information system (GIS) statistics. The

Bayesian CAR model was used for modeling TB to estimate the parameters using the WinBUGS software.
Deviance information criteria (DIC) were used to select the best performing model.

Results: Spatially, TB was clustered in Central China and southeast of China. Temporally, an increasing trend and
high peak of TB was detected during the spring. TB was significantly associated with air temperature at the
posterior mean: -0.165 (95%CI: -0.235, -0.108), and it was negatively associated with average wind speed:
-0.028 (95%CI: -0.043, -0.018) and positively associated with rainfall: 0.095 (95%CI: 0.045, 0.163). TB was
significantly and positively associated with population density: 0.088(95%CI: 0.031, 0.129) and sex ratio (M: F):
0.162 (95%CI: 0.091, 0.284) and was negatively related with gross domestic product (GDP): -0.046(95%CI:
-0.156, -0.037). Out of 31 provinces, 17 provinces had a higher risk for TB.

Conclusion: TB shows a clear spatial and seasonal variation; it is geographically aggregated, and more men are
affected than women. Areas with an underprivileged economy, high population density, high rainfall, low wind
speed, and low temperature have a higher risk for TB.

1. Introduction

TB is a disease caused by bacteria that are spread from person to
person (CDC, 2016) and continues to be a leading cause of disease and
death worldwide; TB has more than 50% burden in five countries:
India, Indonesia, China, Philippines, and Pakistan (WHO, 2017).

It is stated and recognized that the elderly are vulnerable to de-
veloping and succumbing to TB diseases (Schaaf et al., 2010; Ito, 2013;
Toyota and Sasaki, 2010). Along with the geriatric population growth
in numbers, TB is an increasing problem in many countries (Hussein
et al., 2013; World Health Organization, 2010; Menezes et al., 2007;

Pratt et al., 2011) because of the age-related decline in immunity
(Rieder, 1999), increasing longevity (Davies, 2007), poverty (Rieder,
1999), malnutrition (Jovic, 2001) and tobacco smoking (Petersen,
2003), which are proven risk factors. Although TB in the elderly is a
preventable disease, patients have a higher chance of unfavorable
outcomes due to drug-related adverse events, increased comorbidity,
and poverty than young individuals (Ananthakrishnan et al., 2013;
Velayutham et al., 2014). Globally, the death rate due to TB increases to
57% among people older than 50 years of age; of these, more than 50%
of the deaths occur in those aged 65 years and older (IHME (Institute
for Health Metrics and Evaluation), 2016). The proportion of death
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Fig. 1. A reported tuberculosis cases A) in the elderly and expressed as B) incidence rate per 100,000 people in China.from 2005 to 2015.
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among individuals aged 50 years and older is highest in high-income
countries (92% in Australia and 93% in Western Europe), East Asia
(79%) and Tropical Latin America (65%) (IHME (Institute for Health
Metrics and Evaluation), 2016). In India, the TB burden in the elderly is
estimated to make up 14% of all TB cases with extra challenges due to
the presence of drug-resistant strains of TB (Udwadia and Vendoti,
2013; Babu and Laxminarayan, 2012). In China, according to the 2010
national TB prevalence survey, the TB burden more than quadruples at
an age of 75 years, and an age-associated increase in the burden was
most pronounced in Chinese men (Technical Guidance Group of the
Fifth National TB Epidemiological Survey and The Office of, Survey
FNTE, 2012). A study in the Hunan Province of China showed that the
prevalence of TB was more than twice as high in those aged 65 years
and older than in adults younger than 64 years of age (Abuaku et al.,
2010). The proportion of older people (aged > = 65 years) among
reported patients with TB and deaths has gradually increased (Li et al.,
2017). A recent TB survey in Shandong, a relatively industrialized
province in China, found a much higher proportion(55%) of bacter-
iologically confirmed TB cases in the elderly, with a prevalence rate of
34 per 100,000 population (Zhang et al., 2015). TB in the aging po-
pulation remains a clinical and epidemiological challenge. Although the
life expectancy and TB burden in the elderly is expected to vary from
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region to region, the spatial epidemiology of TB in the elderly is un-
derstudied. Spatial epidemiology, therefore, has to consider both space
and time (Pfeiffer et al., 2008). The Bayesian spatial method is useful in
minimizing bias and variance compared to conventional statistical
methods (Besag et al., 1991).

The spatial and temporal model provides spatial distribution and
temporal changes of the relative risk of a disease across a study area.
Most Bayesian methods propose extensions of the purely spatial models
postulated by others; several spatial models have been proposed for TB
and its risk determinants using the conditional autoregressive (CAR)
model (Besag et al., 1991; Clayton and Kaldor, 1987; Knorr-Held and
Besag, 1998; Waller et al., 1997; Da et al., 2012; Randremanana et al.,
2010; De Queiroz Mello et al., 2006; Venkatesan, 2008; Venkatesan
et al.,, 2012; Cao et al., 2016). However, several Bayesian methods
postulated the spatial-temporal model in the general population and not
in high-risk populations. Additionally, they did not include the socio-
demographic and climate factors together. Therefore, the aim of this
study is to examine the spatial-temporal patterns of TB specifically in
the geriatric population and to evaluate its relationship to climate and
sociodemographic factors using the CAR model.
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Fig. 3. The SMR (standardized morbidity ratio) for the spatial-temporal analysis of tuberculosis in the elderly in mainland China in 31 provinces.2005-2015.

2. Methods
2.1. Study design and population

An ecological study was conducted in the geriatric population in
mainland China in 31 provinces (excluding Hongkong, Maco, and
Taiwan) from 2005 to 2015. The daily, monthly and yearly reported
data of tuberculosis was extracted from the Chinese CDC. Population-
level sociodemographic data such as growth domestic product (GDP),
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sex ratio, and population density were extracted from the National
Bureau of Statistics of China. Meteorological data, such as average at-
mospheric pressure (kPa), average temperature (°C), relative humidity
(percentage), average rainfall, and wind speed, were collected from the
China Meteorological Data Sharing Service System.

2.2. Statistical analysis

The overall crude incidence rate of TB in the elderly and the sex-
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Table 1
Global spatial autocorrelation analysis of tuberculosis in the elderly population
in China, 2005-2015.

Years Moran 1 Z-Score P-Value
2005 0.146889 2.503134 0.01231
2006 0.093246 1.736311 0.08250
2007 0.081351 1.562712 0.11812
2008 0.072823 1.44598 0.14818
2009 0.087964 1.649842 0.01975
2010 0.054487 1.19155 0.23343
2011 0.104308 1.870015 0.06148
2012 0.119799 2.082695 0.03727
2013 0.133188 2.260162 0.02381
2014 0.14494 2.421347 0.01546
2015 0.142388 2.380347 0.01729

and residence-adjusted standardized morbidity ratio (SMR) was calcu-
lated for each region/province. Spatial autocorrelation was explored on
a global scale using Moran’s I statistic and on a local scale using local
indicators of spatial association (LISA), and it was estimated using the
Anselin Local Moran’s I statistic and the Getis-Ord Gi* statistic using
ArcGIS. We used the hierarchical Bayesian CAR model analysis based
on MCMC simulation for modeling TB disease and estimated the
parameters using WinBUGS software. TB cases in the elderly is con-
sidered count data; thus, the observed number (O;) of cases was as-
sumed to follow a Poisson distribution. Based on this assumption, six
models were constructed as follows: Model 1: a model with no spatial
autocorrelation; hence, it was assumed to be without spatial effect
(uncorrelated random effect); Model 2: a model considering an auto-
regressive temporal effect (g;); Model 3: a model considering a tem-
poral trend and autoregressive temporal effect (al*time); Model 4: a
model considering a spatially structured random effect (correlated
random effect) to detect potential spatial dependency; Model 5: a
model considering correlated (CH) and uncorrelated (UH) spatial
random effects and temporal and autoregressive time effects; and
Model 6: a model considering a spatial temporal interaction (Psi),
spatial CH and UH spatial random effects, temporal dependence, and
autoregressive time effect. The final full model is written below. This
model assumed that the observed number of TB cases (O) for the ith
province (i = 1-31) for the year j (j = 2013-2015) followed a Poisson
distribution with a mean (u):

O;; ~ Poisson (,ul.j),

log(u;) = log(e:) + 6,

P
0y = exp(oo + antime; + u; + v + g + psiy + z B, Xn)
n=1

Where aydenoted intercept; e;denoted expected number of the TB
cases in the jth year in the ith region; time;denoted the effect of the jth
year; agdenoted the coefficient of the time; u;denoted the effect of
correlated spatial random effect in each province; v;denoted the effect
of uncorrelated spatial random effect in each province; gdenoted the
autoregressive time effect; psijdenoted the interaction of the spatial-
temporal effect in each year in each province; andX,denoted the cov-
ariates. ,denoted the coefficient of the covariates for
i=1,2,-.31;j=1,2, --,11;n =1, 2, ---,p.

The spatially structured random effects were computed using the
prior structure of CAR, which is defined using an adjacency matrix to
determine the spatial relationships between provinces. The adjacency
matrix for each province was generated using the WinBUGS tool after
exporting the shape file of the China map in S-Plus format. To obtain
the S-Plus format we used the map2 WinBUGS software. If two pro-
vinces were not neighbors, a weight of 0 was considered, and a weight
of 1 was considered if two provinces were neighbors.

In this study, we selected the appropriate prior distribution for each
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parameter in our model based on previously published studies (Cao
et al., 2016; Alene et al., 2017a).

A flat prior distribution was used as a noninformative improper
prior with bounds -« and + o to the intercept(a). Prior probability
distributions for the coefficients () were assumed to have normal
distributions with a mean = 0 and a precision (i.e., the inverse of the
variance) = 1 X 10~ (Hussein et al., 2013). The unstructured random
effects (v_;) and spatially structured random effects (v_i) were assumed
to have a mean of zero and a precision (the inverse of the variance) of
1/0u2 and 1/0v2, respectively. The priors for the precision of the un-
structured and spatially structured random effects assigned a non-
informative gamma distribution with a shape and scale parameters
(0.05, 0.0005). A MCMC simulation approach with Gibbs sampling in
WinBugs was used to infer the posterior parameters from the prior and
data likelihood information. If the iterations of an MCMC before ef-
fective convergence are used to summarize the target distribution, they
can yield incorrect inference. Therefore, the use of MCMC assumes
convergence (the outcomes for a Gibbs sampler will eventually exhibit a
stationary distribution). In this study, the convergence of the corre-
sponding MCMC was monitored both graphically and numerically after
we ran a single chain.

The models were run subsequently for 100,000 iterations, and the
DIC was stored for the model selection, where a small value DIC in-
dicated a preferred model. The model with a lower DIC value was
considered as a best-fit model, and then the model ran by incorporating
all the covariates(S1). In this study, for the best-fit models (Model IV),
convergence occurred within the first 10,000 iterations. The model
iteration process stopped when convergence of the posterior kernel
densities and history plots occurred, and then the posterior distribution
of each parameter was stored for the summary measures of the pos-
terior mean, M.C. error, standard deviation and the 5% and 95% per-
centile interval (which is the 95% credible interval).

2.3. Sensitivity analysis

Sensitivity analysis was conducted to investigate the robustness of
the results by considering commonly used prior distributions (inverse-
gamma priors for the variance parameter, inverse gamma (0.001,
0.0001)) for precision unstructured and structured spatial random ef-
fects.

3. Results

During the study period, 2,015,927 TB cases were reported, and out
of those cases, there were 1,496,844(74.25%) male patients. As per
Fig. 1B, Southeast and Northeast China reported high and low numbers
of cases, respectively. At province level, high and low numbers of cases
were reported in Henan and Tibet province, respectively. The TB in-
cidence in the geriatric population was 144 per 100,000 population for
the period 2005-2015. The TB burden in the geriatric population
showed a relative increase. The years 2005 and 2012 were the years
where minimum and maximum numbers of TB cases were recorded,
respectively (Fig. 1 A&B depict the trend of TB in the elderly).

3.1. Temporal patterns of TB cases in the elderly

Fig. 2 shows the monthly TB cases from 2005 to 2015. There was an
evident trend variation: the maximum number of TB cases were regis-
tered in the spring (Mar-May) each year, which was followed by a
volatile declining trend the following summer (June-August) and au-
tumn (Sep-Nov); finally, the minimum number of cases were recorded
in winter (Dec-Feb). The peak month for TB cases was March, and the
number of cases declined gradually after April during the period
2005-2015.

The standardized morbidity ratio (SMR) of TB cases shows a spatial
variation from province to province and year to year (Fig. 3). The
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Fig. 4. The LISA cluster map of tuberculosis incidence in the elderly in mainland China.2005-2015.

pooled crude SMR indicated the highest TB morbidity in Northwest
China, including Xinjiang, Gansu, and Haina; Tianjin, a city located in
northern China, showed the lowest SMR compared to other provinces.

3.2. Spatial distribution of TB

The spatial autocorrelation (Global Moran’s I) analysis of TB showed
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that the Global Moran’s I value ranged from 0.054487 to 0.146889, and
the Z-score peaked from 1.19155 to 2.503134 from 2005 to 2015.
Therefore, the distribution of TB was spatially correlated in each study
year, except in 2007 (Moran’s I = 0.081351, P = 0.11812), 2008
(Moran’s I =0.072823, P =0.148183) and 2010 (Moran’s
I = 0.054487, P = 0.233438); therefore, the TB incidence in the elderly
indicated a lower likelihood that a clustered pattern of cases could be
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Fig. 5. The hot-spot analysis of Getis-Ord Gi* statistics for TB in the elderly in mainland China.2005-2015.

Table 2

Bayesian DIC values for tuberculosis in the elderly in mainland China in 31 Provinces, 2005-2015.
Model Hierarchical model structures Dbar Dhat DIC pD
Model 1 6 = exp (ao + u;) 47640 47640 47600 47680
Model 2 6 = exp(ao + u; +g) 36470 36410 36,520 53.95
Model 3 6 =exp (ao + u; + g + a * t;) 36470 36410 36,520 54.16
Model 4 By =exp(ao+ v+ g +a*t) 36480 36510 36450 -31.8
Model 5 6y = exp(ao+vi+ g + @™+ w) 36460 57660 15260 —-2120
Model 6 6 = exp (ap + Vi + & + @ * (i + ui + Psy) 2242 2684 1800 —442

Ps;;— spatial-temporal interaction effect.

u;- uncorrelated spatial random effect (no spatial dependency among the 31 provinces).
v;—correlated random spatial effect (spatial random effect in each of the 31 provinces).

gi —autoregressive time effect (from 2005 to 2015).
t;= time trend effect.[2005-2015]
* DIC = Deviance information criterion.

the result of random chance, and there was the presence of positive
spatial autocorrelation and spatial dependency in mainland China
(Table 1).

3.3. Local spatial autocorrelation analysis (LISA)

The Anselin Moran’s I statistic (local spatial autocorrelation ana-
lysis) was further used to detect the significant TB clusters with the
intensity of nearby clusters. Fig. 4 shows a statistically significant
cluster of high values (HH), clusters of low values (LL), outliers in
which a high value is surrounded mainly by low values (HL), and
outliers in which a low value is surrounded mainly by high values (LH).

Spatial clustering was observed between neighboring provinces. The
high-high positive spatial association of TB incidence was detected in
Hunan, Hubei, Henan, Anhui and Jiangsu provinces in 2005, in Henan,

Anhui and Jiangsu provinces in 2006, in Hunan, Anhui, and Jiangsu
provinces, and Shanghai (mega-city of China) in 2009, and in Hunan,
Anhui, and Jiangsu provinces in 2010-2015. Generally, high-high
clusters of TB cases were detected in Central China and neighboring
provinces (Fig. 4).

3.4. Hot spot Clustering (Getis-Ord Gi*)

A hot spot analysis using Getis-Ord Gi* was conducted to detect and
display the statistically significant hot spots (clustering of high values)
and cold spots (clustering of low values). The score of Giz > 2.58 re-
flects the presence of disease aggregation with a probability of 99%
using the Getis-Ord Gi* statistic. The locations and size of the hot spots
did not vary in each year. The seven predominant high hot spots for TB
were identified in Central and Southeast China, namely, Henan, Hubei,
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Table 3

Bayesian estimation of sociodemographic and meteorological factors of tu-
berculosis risk in the elderly in mainland China (excluding Hong Kong, Maco,
and Taiwan), 2005-2015.

Node Posterior Mean(95%CI) SD MC error  Median
Intercept —1.467 (-1.566, 1.393) 0.053 0.006 —1.464
Time 0.071 (0.057,0.081) 0.007  0.001 0.073
Population density 0.088 (0.031, 0.129) 0.022  0.003 0.090
GDP —0.046(-0.156, 0.037) 0.048 0.006 —0.047
Sex ratio(M:F) 0.162(0.091,0.254) 0.057  0.007 0.151
Average humidity —0.011(-0.043,0.028) 0.015  0.002 —0.011
Wind speed mean —0.165(-0.235, 0.108) 0.033  0.004 -0.167

Average rainfall
Average Temperature

0.095(0.045,0.163) 0.032  0.004 0.089
—0.028(-0.043, 0.018) 0.021 0.003 —0.041

CI = Credible interval.
Mc = Monte Carlo simulation error.
SD = Standard deviation.

Zhejiang, Fujian, and Jiangsu provinces with a 99% probability. The
most common cold spots observed in the study period were
Heilongjiang and Tibet provinces (Fig. 5). The findings of these hot-spot
clusters are similar and support the local spatial autocorrelation (An-
selin Moran’s I) analysis.

3.5. Spatial-temporal regression analysis using the Bayesian CAR model
(Ecological study)

A Bayesian model using potential covariates for TB risk in the ger-
iatric population was fitted. The best performing CAR models were
selected based on the DIC value. Among the six models that were built,
a model with a lower DIC value reflects the best-fit model (Table 2).
Accordingly, Model 6, which included a correlated spatial random ef-
fect [ui], autoregressive time effect (gi), uncorrelated spatial random
effect [vi] and a spatial-temporal interaction random effect [psi],
showed a lower DIC value of 1800.

Model 1 (a model with an autoregressive time effect, g;) and Model
3 (a model including a time trend effect, time ;) did not show any
significant difference in DIC, which is 36,520. This indicates that
adding the time trend effect (time ;) had no effect or redundancy on the

N

Relative risk
[] <1.0004%)
[ [1.022.02](6)
[] [2.032:36](8)
] >2.36(3)
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model.

A model with a low DIC, Model 6, was initialized and updated in-
cluding all potential predictor variables into the WinBUGS software
(Model S1). The model iteration process clogged at 100,000; this oc-
curred when the kernel density plot showed near normal standard
distribution graphs and the autocorrelation plot reached near zero in
value. After discarding the first 5000 iterations, each node was set one
by one, and the posterior mean was computed. The overall level of the
posterior mean of the trend = 0.071 (95% credible interval = 0.057,
0.081). The overall risk effect was significantly different from zero, and
it was positive. This indicates that the overall TB risk effect in the el-
derly would be increasing when all other determinants of TB were
constant. Among the covariates considered as TB determinants, the
posterior mean for each node with the 95% credible interval is dis-
played; TB in the elderly was negatively significantly associated with
the posterior mean value of -0.028 (95%CI= (-0.043, -0.018), with the
average temperature -0.165 (95%CI= (-0.235, -0.108), with the
average wind speed -0.046 (95%CI= (-0.156, -0.037), and with the
gross domestic product (GDP). These results indicate that the TB risk in
the elderly increases with low temperature, gross domestic product and
mean wind speed. The average humidity was negatively associated with
TB risk in the elderly; however, this result was not significant.

TB was significantly and positively associated with population
density at a mean value of 0.088(95%CI= (0.031,0.129), with average
rainfall having a mean and 95% credible interval of 0.095(95%CI=
(0.045,0.163) and with sex ratio having a mean and 95% credible in-
terval of 0.162(95%CI= (0.091,0.254); these results mean that a one-
unit increase in population density would cause an upsurge in the risk
of TB in the elderly. Moreover, the TB risk was relatively higher in
elderly men (Table 3).

Fig. 6 shows a relative risk choropleth map plot of the TB dis-
tribution in the geriatric population in each province. Out of the 31
provinces (excluding Hong Kong, Macao, and Taiwan) in mainland
China, 17 provinces exhibited the relative risk of TB to be higher than
one. A higher risk of TB was observed in the Central and Southeast
provinces of China. The map exceeded the probability (RR > 1) in 17
provinces, namely, Inner-Mongolia, Henan, Hunan, Anhui, Tianjin,
Hubei, Liaoning, Fuji, Shandong, Shanxi, Zhejiang, Ningxia, and
Jiangsu, etc. (Fig. 6). Provinces with high risk were evident in the same

2.00E+3km

-y B

Fig. 6. The relative-risk choropleth map plot for tuberculosis in the elderly in China.2005-2015.
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Table 4
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Sensitivity analysis of Bayesian estimation of the sociodemographic and meteorological factors of the tuberculosis risk in the elderly in mainland China (excluding

Hong Kong, Maco, and Taiwan), 2005-2015.

Node Posterior Mean (95%CI) SD MC error Median
Intercept —1.291 (-1.433, 1.155) 0.0768 0.004303 —1.288
Time 0.0117 (-0.01825,0.06489) 0.02507 0.001411 0.003421
Population density 0.0175 (-0.07686,0.1456) 0.05217 0.002909 0.016

GDP —0.2688 (-0.4082, -0.003342) 0.114 0.006402 —0.3034
Sex ratio(M:F) 0.0562 (-0.08044, 0.1807) 0.05931 0.003312 0.05433
Average humidity 0.0032 (-0.1224,0.1892) 0.08679 0.00487 —0.00105
Wind speed mean —0.0735 (-0.1667,0.1048) 0.06711 0.003758 —0.08127
Average rainfall 0.0060 (-0.1076,0.1841) 0.07318 0.004089 —0.007933
Average temperature 0.0906 (-0.03576,0.2028) 0.06306 0.003528 0.09025

CI = Credible interval.
Mc = Monte Carlo simulation error.
SD = Standard deviation.

areas as identified by using LISA analysis in Hunan, Henan and Hubei
provinces.

3.6. Sensitivity analysis

Sensitivity analysis using the assigned priors for the variance com-
ponents showed that the Bayesian spatial-temporal analysis for the
posterior mean yields almost a robust finding (Table 4).

4. Discussion

We explored the space time clusters of TB and the associated factors
from 2005 to 2015 at the province level in China using the Bayesian
CAR model. Our finding indicates that TB in the geriatric population
showed an increasing trend and was geographically aggregated. This
trend may be due to the age-related decline in immunity, increasing
longevity, poverty, and tobacco smoking in China.

Temporally, the seasonality of TB was observed with peaks in the
spring and early summer. This seasonality may be due to the high
numbers of TB cases that are infected during the winter and diagnosed
in the spring. However, most people want to stay home in the winter,
especially when they are sick; however, the photogenic nature of the
disease may contribute to diagnosis during the spring. People with low
levels of vitamin D are more likely to develop dormant TB and progress
to active TB. Older people are prone to developing vitamin D deficiency
because of various risk factors, including diminished sunlight exposure
and reduced skin thickness (Holick, 1995). Therefore, the TB infection
rate is expected to be high in the winter in elderly people, as the cu-
taneous synthesis of vitamin D is dependent on sunlight. The lack of
social support may also contribute to a delay in seeking care after be-
coming ill, which translates to a delay in diagnosis during the winter
(He, 2016). Therefore, this fact may result in an upsurge of diagnosis of
TB in the elderly in the spring and continue to the seeking of treatment
in summer. Similarly, consistent with earlier studies, seasonal patterns
were identified in a study conducted in China (Li et al., 2013), Zhejiang
province (Ge et al., 2016), Taiwan (Liao et al., 2012), and India (Thorpe
et al., 2004).

Spatially, TB in the geriatric population was geographically ag-
gregated. Identification of ‘hot spots’ in risk groups (i.e., elderly po-
pulation) is essential to properly allocate resources and to identify lo-
cations for further studies that might inform interventions aimed at
reducing the TB burden. The variation in both the incidence and SMR of
TB (per 100,000 population) among the provinces was substantial;
some provinces reporting a disease incidence several times higher than
that of other provinces (up to 12-fold for TB risk). In this study, seven
hot-spot areas were identified, namely, Henan, Hubei, Zhejiang, Fujian,
Anhui, Hunan, and Jiangsu, which are located in Central and Southeast
China. Previously, spatial studies reported similar spatial clustering
results in this area (Cao et al., 2016). This clustering may be due to the

high population density and high prevalence of drug-resistant TB in
these provinces (He et al., 2008). In addition, a study in Zhejiang
province revealed that patients with TB had a low level of social sup-
port, which may be a significant factor for the burden of TB diseases in
the geriatric population in the region (Lin, 2013). Moreover, it is well
known that TB ‘hot spots’ may be common in high burden countries
(Ding et al., 2017). China ranks second among 30 high-burden coun-
tries in the world (WHO, 2017). In this study, we identified hot-spot
areas in the regions with the highest burden in China.

The TB incidence in the geriatric population was not exclusively
spatial dependent or time dependent; rather, a spatial-temporal inter-
action effect was detected. Previous studies presented a spatial-tem-
poral interaction (Pfeiffer et al., 2008; Cao et al., 2016). In this study, a
CAR model with a spatial-temporal interaction estimation showed that
potential covariates were positively and negatively associated with TB.
The temperature and wind could be an influential factor in the risk of
TB. The average temperature and wind was negatively associated with
TB, which indicated that a one-unit increase in temperature could re-
duce the risk of TB in the elderly. This result is supported by other
research in China (Guo et al., 2017), Nigeria (Omonijo et al., 2011),
North India (Narula et al., 2015), Ethiopia (Alene et al., 2017b) and a
worldwide study by Yunxia et al. (Liu et al,, 2011). In this study,
consistent with the findings reported by Cao et al. (2016) and Guo et al.
(2017), we found that wind speed was a protective factor for the risk of
TB. This may be because cross ventilation is a crucial measure for
prevention of pulmonary TB. Therefore, a low speed of wind may
contribute to the spread of the bacteria easily floating in the circulating
air; thus, poor air circulation prevails and the resistant bacteria can
accumulate. Nevertheless, high wind speed could decrease TB by ac-
celerating the air ventilation and reducing people’s susceptibility to the
bacteria. The average rainfall in this study was significantly associated
with TB. Likewise, Guo et al. (2017) and Cao et al. (2016) found that
the average rainfall was positively related to TB. The reason might be
that high average rainfall leads to increased atmospheric flow, thus
helping to spread airborne infections such as TB. Similar to Cao et al.
(2016) and Liu et al. (2011), we found a positive relationship of hu-
midity to TB; however, it was not statistically significant.

Health in older age is significantly influenced by economic status
and the place of residence. There are large disparities in life expectancy,
health status and health service use among older people of low and high
socioeconomic status (Liu et al., 2010). In this study, sociodemographic
factors, such as population density and sex ratio (M: F), were positively
associated with the risk of TB, but GDP was negatively associated with
TB in the elderly.

Population density per area (square kilometers) was positively as-
sociated with the risk of TB, indicating that a one-unit increase per area
(square kilometers) greatly increased the risk of TB. This result is
complemented by a study conducted by Alene et al. (Alene et al.,
2017a) and Alene et al. (Alene et al., 2017b) in the spatial analysis of
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tuberculosis in Ethiopia. TB was negatively associated with province-
level GDP per capita (10,000 RMB); a one-unit increase in GDP could
help to reduce TB. Comparable results were stated in different studies
(Guo et al., 2017; Xu et al., 2009). In this study, the risk of TB was
higher in elderly males than females. Consistently, the National Tb
surveillance in China (Technical Guidance Group of the Fifth National
TB Epidemiological Survey and The Office of, Survey FNTE, 2012) in
2010 and other studies by Alene et al. (Alene et al., 2017a), Hsueh et al.
(Hsueh et al. (2006)) and Neyrolles et al. (Neyrolles and Quintana-
Murci, 2009) all stated higher TB incidences in males. This increased
incidence may be due to a higher rate of tobacco use and could be
related to the convergence of other risk factors. According to the 2010
Chronic Disease Risk Factor Surveillance Survey (NCCNDC, 2012), the
prevalence of smoking in people aged =60 years was 22.4%. The
prevalence was substantially higher among men (41.5%) than women
(4.3%) (National Health and Family Planning Commission of the PRC,
2015).

This study has some limitations. First, while the level of analysis was
by province/region, it might be desirable to examine even smaller
geographical units, such as districts and cities. However, reliable and
comprehensive information at the district/city level is not simply
available for both the dependent and independent variables. The other
limitation is that our study is based on surveillance data of TB cases,
and it may not show the exact ground-level data for the disease.
Tuberculosis in the elderly is influenced by a space and time interac-
tion. It shows a clear spatial variation and geographical aggregation. TB
in the elderly is a seasonal disease. The geriatric population in areas
with high population density, high rainfall, weak wind speed, and low
temperature are more likely to develop TB. The GDP is an important
factor and is negatively related to TB. TB in the elderly is more pro-
nounced in males than females. This study would provide valuable in-
formation for the government to gain a better understanding and
identification of the spatial-temporal patterns, relative risk map, re-
gions with a high incidence of risk, and peak seasonal factors to control
TB. The commitment of the Chinese government to control and prevent
TB should be improved in the screening, early diagnosis, and control of
TB in the elderly at the primary care and community health levels.
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