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ABSTRACT 
Bayesian Conditional Autoregressive (CAR) model is a disease mapping technique that is used to smoothening of relative 

risk of any disease. This model effectively borrows information from adjacent States to improve estimates for individual 

States.  The main objective of the study is to construct the Bayesian spatial CAR model for studying tuberculosis patterns in 

India. National Family Health Survey data on tuberculosis were used in this study. A Markov Chain Monte Carlo (MCMC) 

simulation technique was used to estimate the parameter. WinBUGS software was used for disease mapping of CAR model 

of tuberculosis. The results of the study revealed that northeastern states having higher risk of tuberculosis than other 

regions. The Bayesian CAR method is proved to be a useful tool for disease modeling of tuberculosis.  
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BACKGROUND 

Bayesian Conditional Autoregressive (CAR) model is 

a disease mapping technique, which is used for 

smoothening of relative risk (Clayton,1987). This 

model provides some shrinkage and spatial 

smoothing of the raw relative risk estimate, which 

gives a more stable estimate of the pattern of 

underlying risk of disease than that provided by the 

raw estimates. This method effectively borrows 

information from neighboring areas than from areas 

far away and smoothing local rates toward local, 

neighboring values. This reduces the variance in the 

associated estimates and allows for the spatial effect 

of regional differences in State populations.  

Traditionally, Standardized Mortality Ratio (SMR) 

were used in the disease map presentation, but have 

many drawbacks, i.e., it is the ratio estimate of 

observed and expected and hence can yield large 

changes in estimate while small changes in expected 

value. Also, when a minimum expectation is found, 

the SMR will be very large, so this SMR is a 

saturated estimate of relative risk (Lawson, 2001). 

One approach to the improvement of relative risk 

estimation is to employ smoothing tools on SMR to 

reduce the noise. To overcome this problem, CAR 

was used for this purpose. This CAR model was first 

introduced by Besag (1974) and the Hierarchical 

disease-mapping models based on CAR was studied 

by Besag et al.(1990 and 1991). Proper multivariate 

conditional autoregressive models were used by 

Gelfand and Vounatsou (2003). Semi parametric 

formulations for CAR have been proposed Denison 

and Holmes (2001); Knorr-Held and Rasser (2000). 

Spatial mixture models were proposed by Green and 

Richardson (2002). Generalized hierarchical 

multivariate CAR models for areal data were 

incorporated by Jin et al. (2005). Venkatesan et al. 

(2008 and 2010) were studied HIV and tuberculosis 

patterns for India. Normally, CAR model, provides a 

dimension in defining the spatial autocorrelation 

structure that goes beyond distance based functions 

and incorporates the concept of spatial neighbors 

where the definition of neighbor is left to the 

analysis.  
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weighted neighbor matrix, D is a diagonal matrix 

used to account for non homogeneous variance of the 

marginal distributions and the parameters to be 

estimated are the β’s,ρ, and σ
2
.  

We consider a random vector X = (X1, . . ., Xn) where 

each component is univariate in which  each 

component is located at a fixed site i ε {1, . . . , n}. 

The full conditional distribution p(xi |x−i), the 

conditional distribution of Xi at a particular site i, 

given the values Xj = xj at all other sites j ≠ i. In a 

spatial context, the Markov assumption refers to the 

property that the conditional distribution p(xi |x−i ) 

depends only on a few components of x−i , called the 

neighbors of site i. However, it is not obvious at all 

under which conditions the set of full conditionals 

p(xi |x−i ), i = 1, . . . , n, defines a valid joint 

distribution.  

Suppose that, for i = 1, . . . , n, Xi |x−i is normal with 

conditional mean and variance 
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Here, iµ will typically take a regression form, say, 

∝T

iω  for covariates iω associated with site i. 

Without loss of generality we assume that µ1 = 

…………..= µn = 0 in the following. Under the 

additional assumption that κiβij = κjβji 

The model is as below; 

)(~ ieiPoissonYi θ  

, )()log( 1 biXieiLogi o +++= ααθ  

Here yi is the observed count of the case disease in 

the i th region and ei is the expected count within the 

same region, The parameter of interest is Ѳi, the 

relative risk that quantifies whether the area i has a 

higher risk or lower occurrence of cases than that 

expected from the reference rates, here α0 - Intercept 

term representing the baseline log relative risk of 

disease across the study region, xi - the covariate in 

district i, with associated regression coefficient α1 

and bi is an area-specific random effect capturing the 

residual or unexplained log relative risk of disease in 

area i. To allow for spatial dependence between the 

random effects bi in nearby areas, we may assume a 

CAR prior for these terms. 
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MATERIALS AND METHODS 

The number of cases of a tuberculosis disease yi 

occurring in area Ai is recorded, where the set of 

areas {Ai},i = 1, 2,…,n represents a partition of the 

region under study. For each area Ai, the expected 

number of cases ei is also computed using reference 

rates for the disease incidence. The distribution of the 

counts yi is typically assumed to come from a Poisson 

distribution, as the diseases usually considered in 

such studies are rare and this distribution gives a 

good approximation to the underlying binomial 

distribution that would hold for each risk stratum. 

Regions are numbered sequentially from 1 to n. Each 

region is defined as a polygon in a map file and each 

region is associated with a unique index.  

National Family Health Survey (NFHS-3, 2005-06) 

data were used to study spatial distribution of 

tuberculosis in India. It consists of information on 

persons in the household with TB and which comes 

from the household respondent. TB awareness is 

considered as covariate in our model. The objective 

of the study is to investigate the usefulness of 

Bayesian concepts in modeling of disease mapping 

and also to explore the use of spatial conditional auto 

regressive models of tuberculosis in India. Bayesian 

Conditional Autoregressive Disease mapping are 

used to describe the relative risk of TB prevalence in 

all the states in India.  

The software is used for conditional autoregressive 

model analysis is WinBUGS, a windows program 

with an option of a graphical user interface, the 

standard point-and-click windows interface, and on-

line monitoring and convergence diagnostics. 

GeoBUGS, an add on to WinBUGS that fits spatial 

models and produces a range of maps as output. It 

implements models for data that are collected within 

discrete regions and smoothing is done based on 

Markov random field models for the neighborhood 

structure of the regions relative to each other. To fit 

the model in WinBUGS, observed count, expected 

count and covariate of TB awareness with adjancy 

matrix for India were included for analysis. The prior 

for this model is hyper prior ie., Gamma prior which 

is distributed with a small precision, thus taking a 

larger neighborhood structure into account. Results 

are based on an MCMC simulation of 20,000 draws 

and an inverse distance-matrix. 

RESULTS 

The results of a Bayesian disease-mapping analysis 

are presented in the form of a map displaying a point 

estimate of the relative risk for each area. The 

Bayesian Log-normal Relative risk (Fig.1) of 

tuberculosis without giving importance to 

neighborhood structure shows that some northeastern 

states which is shaded in dark color having higher 

Relative risk than remaining states. But this model 

show high variation in relative risk in states, almost 

15 States comes under relative risk of 0.5 to 0.75 and 

14 belongs to less than 0.50, but no States comes 

under >1 relative risk. 

 
The Bayesian CAR model (Fig. 2) shows the map of 

the posterior expected relative risks for each State. 

The range of the posterior relative risks is reduced. 

This shows the smoother map with fewer extremes in 

the relative risk estimates comparing to Fig. 1. In all 

the cases simulated, we found substantial shrinkage 

of the relative risk estimates for the background rates. 

In this model, based on neighborhood structure, it is 

found that Arunchal Pradesh is having higher risk 

(RR>1). This is well illustrated in Figure 2, which 

displays smooth estimates for all the areas.  

 
Table. 1 shows the posterior expected relative risk for 

each state based on CAR model. It includes mean, 

standard deviation, and inter-quartile range.  Almost 

all the States are having low relative risk and only 

one State show higher risk. The relative risks vary 

from 0.14 to 1.03 based on our CAR model.  

Table. 1 The posterior relative risk for all the regions of India 
Node Mean SD Credible Intervals Node Mean SD Credible Intervals 

RR[1] 0.33 0.06 0.22 0.45 RR[17] 0.33 0.06 0.22 0.45 

RR[2] 0.49 0.04 0.41 0.57 RR[18] 0.41 0.04 0.34 0.48 

RR[3] 1.03 0.28 0.58 1.66 RR[19] 0.37 0.03 0.32 0.43 

RR[4] 0.72 0.07 0.60 0.86 RR[20] 0.94 0.19 0.61 1.35 

RR[5] 0.88 0.06 0.76 1.01 RR[21] 0.61 0.16 0.34 0.97 

RR[6] 0.28 0.09 0.13 0.49 RR[22] 0.68 0.20 0.36 1.12 

RR[7] 0.48 0.20 0.21 0.97 RR[23] 0.72 0.17 0.43 1.09 

RR[8] 0.48 0.20 0.21 0.96 RR[24] 0.45 0.04 0.37 0.54 

RR[9] 0.29 0.05 0.20 0.39 RR[25] 0.34 0.15 0.14 0.72 

RR[10] 0.24 0.09 0.11 0.45 RR[26] 0.25 0.03 0.19 0.32 

RR[11] 0.62 0.05 0.53 0.73 RR[27] 0.43 0.04 0.36 0.51 

RR[12] 0.38 0.05 0.29 0.48 RR[28] 0.69 0.30 0.26 1.40 

RR[13] 0.24 0.05 0.15 0.34 RR[29] 0.58 0.05 0.49 0.67 

RR[14] 0.14 0.04 0.08 0.22 RR[30] 0.66 0.14 0.41 0.97 

RR[15] 0.18 0.02 0.14 0.22 RR[31] 0.51 0.04 0.44 0.58 

RR[16] 0.33 0.04 0.26 0.41 RR[32] 0.70 0.05 0.60 0.80 
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After 20000 iterations, the posterior statistics for the parameters of the model is as below; 

Table. 2, Posterior statistics for the parameter in the CAR model 
Parameter Mean Sd. MC error 2.5% Median 97.5 % 

alpha0 -1.12 0.18 0.01 -1.50 -1.12 -0.80 

alpha1 0.01 0.01 0.00 0.00 0.01 0.02 

Sigma 0.65 0.11 0.00 0.47 0.63 0.90 

Tau 2.61 0.86 0.01 1.24 2.51 4.59 

Table. 3, Deviance Information Criterion. 
Model  Dbar Dhat Pd DIC 

Log-normal 637.063 635.239 1.825 638.888 

CAR 190.326 157.427 32.899 223.225 

 

In Table. 3, show the deviance information criterion 

for Log-normal model and CAR model in which 

CAR model is having very less deviance. For any 

model selection, deviance should be less, based on 

that CAR model is best suitable for TB disease 

mapping.  

CONCLUSION 

Bayesian methods provide adequate smoothing of the 

background rates. Mapping the raw SMRs would 

present a misleading picture of the risk pattern, 

whereas in our Bayesian models we get good 

posterior relative risk in all the areas. Bayesian 

Conditional Autoregressive models are useful for 

smoothing disease relative risk estimates based on 

neighborhood structure.  
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