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Abstract: Tuberculosis (TB) is a disease which continues to be of public health importance, and is characterized with varying 

distribution across regions depending on socio-economic status, HIV burden and efficiency of the health system. Kenya is one of the 22 

high burden countries that contribute 80% of global TB burden. This study aims to assess spatial and temporal distribution of TB using 

small area estimation methodology. The spatial reference regions considered were the 47 Kenyan counties. The small area estimates 

were mapped to produce smear positive TB and favorable treatment outcomes maps. The covariates considered were gender, HIV 

positive proportion, directly observed Treatment (DOTs), average weight, average Body Mass Index (BMI) and average age. The 

significant covariates were used in the model to generate the relative risks, posterior probability means and the associated standard 

deviations which were then used to generate the spatial temporal maps. The spatial temporal maps generated showed distribution 

clustering of TB cases in a number of counties over the years (2012-2014). From the results of all notified TB cases, only average BMI 

was excluded from the spatial temporal model since it was not statistically significant (P-value > 0.05). The variables gender, HIV+, 

DOTs by, Weight, BMI and age were included in the spatial temporal model. The estimated risk of case notification rates per 100,000 

found to be highest in the following counties Marsabit, Isiolo, Nairobi, Lamu, Mombasa, Machakos, Kajiado, Makueni, Kisumu, Siaya 

and Homabay The risk maps from the small area estimates can be used by policy makers to target and develop interventions which 

address the real challenges which occur in the public health arena. 
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1. Introduction  
 

Tuberculosis has had a long history with the human race. 

Mostly Tuberculosis (TB) is likely to have affected humans 

for most of their history, [1]. It remains a major cause of 

death worldwide despite the discovery of effective and 

affordable treatment regimens more than 60 years ago, [1].  

 

Tuberculosis (TB) continues to be one of the major public 

health threats globally [2]. It is caused by bacillus bacteria 

and the most common causative organism is the 

Mycobacterium tuberculosis. Other causative agents that 

have been noted are Mycobacterium bovis which is 

transmitted through contaminated milk and Mycobacterium 

africanum, [3]. Bacteria causing TB is transmitted through 

infectious aerosolized droplet nuclei generated by coughing, 

laughing, talking, sneezing and singing, [4]. The ability to 

generate infectious aerosolized droplet nuclei is dependent 

on the infectivity of the patient where a sputum smear 

positive patient is considered most infectious, [5]. Infection 

with the Mycobacterium does not always lead to 

development of disease as the immune system is able to 

contain the infection and the bacilli remain dormant. The 

risk of infection is dependent on the extent to which 

exposure happens; longer durations of exposure to infected 

persons who are not on treatment increase the chance of 

infection, [5]. The most at-risk to develop TB include 

children under five, the old and those who are 

immunosuppressed, [4]. 

Globally there were 1.3 million TB deaths (including TB 

deaths in HIV positive individuals) in 2012 [2]. TB and HIV 

continue to be the top causes of death from a single 

infectious agent globally, [6]. Unfortunately tuberculosis 

continue to take its toll amongst the most productive 

members of the community in both morbidity while still 

remaining to be a leading killer among adults in the most 

economically productive age groups and people living with 

HIV, [4] and [7]. Even though curable, the disease 

significantly reduces the quality of life and at times it 

becomes a lifetime sequelae that substantially reduce their 

quality of life, [8]. Recognition of these facts has kept TB 

control high on the global infectious disease public health 

agenda. 

In the African region which constitutes 54 countries it 

contributes 26% of the Global burden of Tuberculosis 

making the African region to be ranked second after Asia 

which contributes 59% of the Global case load, [9]. 

 

Kenya is among the twenty two (22) TB high burden 

countries in the world which contribute 80% of the global 

TB burden, [9]. The absolute number of TB cases notified 

increased exponentially in the nineties recording an almost 

tenfold increase since 1990 by the end of the year 2007. TB 

incidence has increased from below 50 per 100,000 in 1990 

to 329 per 100,000 populations in 2008, [10]. The HIV 

epidemic in Kenya has been the single most contributing 

factor for this unprecedented increase in the burden of TB in 

Kenya. From the Kenya AIDS Indicator Survey 2013, the 

prevalence of HIV in Kenya currently stands at 5.6%. [11], 
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while the TB HIV co-infection rate was at 39% in 2012, 

[10]. To combat the challenges of TB epidemic in Kenya 

there has been massive scale up of treatment and diagnostic 

facilities, [10]. 

 

In Kenya, TB is not distributed uniformly with certain 

regions recording higher notification rates than others, the 

Kenyan TB program does not provide services based on 

those areas with the greatest notifications but rather on a 

uniform strategy, [10]. A uniform approach to TB control is 

not the most efficient or effective approach hence the need 

to have a more in-depth look and design strategies that fits 

different epidemiological patterns and risk factors 

customised to each the region. Recent studies have 

suggested problems with treating an entire region with one 

control strategy, rather than targeting high-risk areas with 

more effective control measures, [12]-[15].  

 

Research to evaluate the spatial distribution of TB and to 

identify high-risk areas still remains quite limited especially 

in developing countries, [16], [15] and [17]. It’s widely 

known that TB control efforts are best formulated and 

implemented when areas of high notifications are known and 

well documented. It is equally important to identify areas 

where notification rates are abnormally high given 

underlying risk factors. In particular, county-based 

surveillance systems have demonstrated that the distribution 

of endemic diseases is also determined by social processes 

that are linked and closely related to the space where they 

are notified to occur in, [14] and [17]. Tools in spatial 

statistics have advanced our understanding of the geographic 

distribution of disease and improved the focus of public 

health actions, [12]-[15] and [17]. In this study, we 

investigated the county spatial patterns of Tuberculosis 

notifications in Kenya and the relationship between TB and 

HIV status, and used these data to identify those areas in 

Kenya that are at risk of highest TB incidence. 

 

2. Materials and Methods 
 

This study was carried out through detailed and extensive 

review of existing TB/HIV data from the National TB 

control program databases. The Kenyan National TB control 

program is well known for maintaining a robust surveillance 

system which maintains data on notification from the whole 

country. Since the year 2012, Kenya has maintained a case 

based surveillance system. A 3–year retrospective County 

based surveillance study of all reported TB cases was 

conducted in Kenya between 2012 and 2014. Kenya is 

divided into 47 administrative units referred to as counties 

and covers an area of 582,650 km
2
 with an estimated 

population of 44 Million people in 2013. 

 

Figure 1 shows the distribution of administrative counties in 

Kenya. Analysis of the data and generation of the maps were 

based on the administrative counties as shown in figure.  

 
Figure 1: Distribution of Administrative Counties in Kenya 

 

After retrospectively extracting anonymized data the 

National TB control Program database for the periods 2012 

to 2014, the data was subjected to exploratory data analysis 

(EDA) to look at the emerging trends that was inherent in 

the data. The datasets that did not have all the requisite 

variables were omitted from the analysis. The data was 

managed using MS access and excel was used to create 

graphs, and tables to depict the changes in TB epidemiology 

over the years in the presence of HIV.  

 

3. Methodology 
 

The models used for describing the distribution of an 

observation in space and time are usually formulated within 

a hierarchical Bayesian framework with two main 

approaches namely empirical and full Bayes. Empirical 

Bayes approach provides parameter estimates by 

maximizing their posterior distribution using penalized 

quasi-likelihood (PQL) techniques while the full Bayes 

provides the posterior distribution of the target parameters 

by assigning hyperpriors which take care of model 

uncertainties [18]. In this study the Bayesian Hierarchical 

Generalized Linear Mixed Models (BHGLMMs) which are 

used in small area estimation because of their ability to 

incorporate multiple levels of model dependencies [19]-[20] 

was considered.  

 

The BHGLMMs falls in subclass of structured additive 

regression (STAR) models known as latent Gaussian models 

and their response variable is usually non Gaussian and 

belongs to an exponential family [21]-[22]. The posterior 

marginals of the latent Gaussian models are not available in 

closed form for non-Gaussian observation models [23]. In 

such models the common approach to inference is the 

Markov Chain Monte Carlo (MCMC) which exhibits poor 

performance in terms of convergence and computation time. 

Integrated nested Laplace approximation (INLA) developed 

by [23] and based on nested Laplace approximations is a 

new approach for Bayesian inference on latent Gaussian 

models. It has an excellent performance in terms of good 

accuracy and reduced computational time, [24]- [26] and 

[23].  
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4. Generalized linear Mixed Model  
 

The main assumption of GLMMs is that the distribution of 

the response variable iY  belongs to an exponential family of 

the form  pY ii ~, 1  where  p  is a member of the 

exponential family defined as, 
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where  if  are unknown functions of the covariates used to 

model temporal and spatial dependencies and also used to 

relax the linear relationships of the covariates. The 

s'k represents the linear effects of the covariates s'x  and 

s'i are unstructured terms. 

 Latent Gaussian model a flexible and large class of 

statistical models is obtained by assigning a Gaussian prior 

to   ,  if , k  and i . This can be represented as 

 ... s,'s'k if   where   is unobserved multivariate 

Gaussian random variable, whose density     is 

controlled by a vector of hyperparameters   (Rue & 

Martino, 2007). The latent Gaussian field  is assumed to 

have a Gaussian distribution with zero mean and variance 

covariance matrix  2Q ; with vector of hyperparameters 

defined as    ,  which are not necessarily Gaussian 

[27], [23] and [20].  

Latent Gaussian model is composed of three elements 

namely; the likelihood of the data  y , the Gaussian 

density of the random vector  ,    and the prior 

distribution of the parameter vector   . The posterior is 

therefore defined as 

       



1i

,ii xy y          (3) 

The main inferential interest involves computing the 

posterior marginals for ix  and posterior marginals for  or 

some j . The approaches for Bayesian inference on latent 

Gaussian models are MCMC sampling and INLA. The high 

dimensionality of the latent field  and the strong 

correlation within  and between  and   especially 

when the numbers of observations are many leads to 

problems in convergence and computation time. INLA 

developed by [23] bypasses MCMC entirely by basing 

inferences on closed form approximations making it 

computationally efficient compared to MCMC. In the next 

section we describe INLA methodology.  

 

INLA Methodology 

 

This is an approximate inference based method for 

approximating the posterior marginals of the latent Gaussian 

field   nixi ....1, y  in three steps. 

The posterior marginals of the latent effects  and 

hyperparameters   are written as 

        dxx i yyy  i                  (4) 

    jd   yy  i                        (5) 

The posterior marginals  yi
~ x  and  yj~  can be 

approximated using the Laplace approximation. The first 

approximation to  y  using Gaussian distributions is 

constructed as follows  
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where  y G
~

 is a Gaussian approximation to the full 

conditional of   and  
 is the mode of the full 

conditional for  , for a given value of   [23]. It involves 

locating the mode of  y~  which is used to integrate 

out the uncertainty with respect to   when approximating 

the posterior marginal of ix .  

 

The posterior marginals of the latent field are supposed to 

start from  yiG x~  and approximate the density of 

yix with the Gaussian marginal derived 

from  y G
~

, i.e. 

       

iiiii xNx  ,;y             (7) 

 The marginals of the interest can be computed using 

numerical integration over a multidimensional grid of values 

of   

       kkkxx yyy  ~,~~

k

ii      (8) 

where the sum is over the values of   with area weights 

 k [28]. 

The first step in INLA computation involves approximating 

the posterior marginal of   by using Laplace 

approximation in equation (6) 

The second step involves computing the Laplace 

approximation of   yi
~ x  for selected values of   

which improves the Gaussian approximation in equation (7).  
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where  y iiGG x~  is a Gaussian approximation to 

y ,i ix  around its mode   ,ii x . An improved 

version of  yiLA x~  known as Simplified Laplace 
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approximation was developed by [23]. It involves a series of 

expansion of  yiLA x~  around   iix   which 

corrects for skewness and location and it is also less 

computationally expensive [23].  

 

The third step involves combining steps 1 and 2 using 

numerical integration in equation 8 (For more details, [23]. 

 

Spatial Effects  

 

Suppose that the index  Ss ,...,2,1  represents the 

geographically connected regions. The spatially correlated 

effects in INLA are introduced by assuming that neighboring 

regions are more alike than two arbitrary regions. Two 

regions s  and 
's are neighbors if they share a common 

boundary. The spatial smoothness prior for the function 

evaluation  sf  is given by 
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where sN the number of neighbours of region where 

'~ ss indicates that two regions s  and 
's are neighbours 

and 
2  is the variance parameter [29]-[30].  

 

TB Distribution in Kenya  

 

In this study a generalized linear mixed model assuming a 

Poisson distribution with spatial and temporal random 

effects was used to characterize the relationships between 

TB cases and covariates. In this model the response variable 

is generated by a Poisson process: 

The Poisson regression model is 

  ii Poissony ~  

  iii offset  exp  

where iy  is the observed TB cases , i  are the covariates 

for the thi  observation and offset term represented the thi  

population (StataCorp, 2013). 

The generalized linear mixed model used to describe the TB 

cases jy  is of the form: 

        iitrend

j

ijji SfSftimefXg unstrstr         (11) 

Where  .g is a monotonic link function, j  represents the 

parameter vector of the covariates ijX , trendf  is trend 

component, strf and unstrf are structured and unstructured 

spatial effects of the county. The strf and unstrf were 

assigned a Markov random field prior and Gaussian i.i.d 

respectively. The spatial effects were estimated at county 

level in which a household was located and Kenya counties’ 

boundaries were used to compute the neighborhood 

information. The prior for trendf  was first order random 

walk. The covariates were assigned default INLA Gaussian 

priors while the default inverse gamma hyperpriors were 

assigned for the random effects. The structured spatial 

effects considered were of the Besag Intrinsic conditional 

autoregressive (ICAR) model while the unstructured spatial 

effects were of Unstructured IID model and temporal effect. 

The parameters of interest which then were found to be 

significant were used to calculate the relative risks which 

were mapped into the different geographical areas for the 

different years. 

 

5. Results  
 

To have a clear understanding of regional localized 

variations in the burden of Tuberculosis, the study looked at 

the variations from 3 different perspectives namely; 

distribution of TB cases, smear positive cases and the 

treatment outcomes in the presence of risk factors. To obtain 

the covariates that were included in the spatial temporal 

model used to obtain relative risks, a generalized linear 

model was used in each of the three models.  

 

All TB cases 

Table 1 shows that only average BMI was excluded from the 

spatial temporal model since it was not statistically 

significant (P-value > 0.05). The variables gender, HIV+, 

DOTs by, Weight, BMI and age were included in the spatial 

temporal model. Table 2 shows the predicted mean risk, 

2.5% quadrant, 97.5% quadrant and its associated standard 

deviation. Table 3 shows the model with, temporal effect 

and both structured and unstructured spatial effects. Table 4 

shows exponentiated model results of fixed effects.  

 

Table 1: GLM model All TB CASES Results 
 Estimate Std Error z-value P value 

Intercept -13.595 3.986 -3.411 0.001 

Gender (props) 4.321 0.232 18.593 0.001 

HIV+(props) 1.245 0.102 12.256 0.001 

Dots by props 8.4 4.003 2.098 0.036 

Average Weight -0.024 0.006 -4.135 0.001 

Average BMI 0.005 0.004 1.211 0.226 

Average Age -0.105 0.005 -20.013 0.001 

 

Spatial Temporal Model  

 

Table 2: Fixed Model Results 

 Mean Sd 0.025quant 0.975quant 

Intercept -6.428 0.848 -6.420 -4.787 

Gender (props) 0.515 0.554 0.515 1.603 

HIV+(props) 0.346 0.353 0.352 1.025 

Average Weight 0.004 0.013 0.004 0.030 

Average Age -0.041 0.015 -0.042 -0.042 

DOTS BY 0.001 0.000 0.002 0.001 

 

Table 3: Time: Random Walk 1 model 
Model Hyper 

parameters 
Mean Sd 0.025quant 0.975quant 

structured 

spatial effect 
4.077 1.002 3.971 6.338 

Time 5616.823 8358.246 27073.973 555.377 

unstructured 

spatial effect 
18406.828 18286.296 66605.713 3358.016 

Effective number of parameters =47.92: Deviance 

Information Criterion=407.49 

 

 

. 
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Table 4: Exponentiated Model Results 

 Mean sd 0.025quant 0.975quant 

Intercept 0.002 2.334 0.000 0.008 

Gender (props) 1.674 1.741 0.564 4.969 

HIV+(props) 1.414 1.424 0.695 2.788 

Average weight 1.004 1.013 0.979 1.031 

Average age 0.959 1.015 0.932 0.988 

DOTS BY 1.001 1.002 1.000 1.002 

 

Smear Positive Tuberculosis cases 

Smear positive cases are the infectious forms of TB and it is 

important to understand the variations in the relative risks 

among the different counties. From table 5 it shows that 

gender, HIV+ and average age covariates were statistically 

significant to be included spatial models (P-value <0.05). 

While average BMI, average weight and DOTS were not 

statistically significant (P-value > 0.05). 

 

Table 6 shows the predicted mean 2.5% quadrant and 97.5% 

quadrant, and its associated standard deviation. Table 7 

shows the model with both structured and unstructured 

random effects, table 8 shows the model results when the 

fixed effects models results in table 6 were exponentiated.  

 

Table 5: Smear Positive TB GLM model Results 

 Estimate Std Error z-value P-value 

Intercept -0.388 4.233 -0.092 0.927 

Gender (props) 4.238 0.216 19.605 0.001 

HIV+(props) 1.320 0.105 12.580 0.001 

DOTs by props -6.360 4.233 -1.502 0.133 

Average Weight -0.006 0.005 -1.157 0.247 

Average BMI 0.005 0.004 1.103 0.270 

Average Age -0.092 0.006 -15.725 0.001 

 

Table 6: Spatial and temporal model Fixed Model Results 
  Mean sd 0.025quant 0.975quant 

Intercept -5.976 0.585 -7.129 -4.835 

Gender (props) 0.021 0.481 -0.924 0.962 

HIV+(props) 0.621 0.396 -0.171 1.387 

Average Age -0.038 0.016 -0.038 -0.007 

 

Table 7: Time: Random Walk 1 model 
Model Hyper 

parameters 

Mean s.d 0.025quant 0.975quant 

structured spatial 

effect 

3.064 0.725 1.87 4.7 

Precision for Time 9403.734 41500 182.19 60883.48 

unstructured spatial 

effect 

18854.859 18500 1258.555 67555.95 

 Effective number of parameters =48.52 Deviance 

Information Criterion=417.88 

 

Table 8: Exponentiated Model Results 

 Mean s.d 0.025quant 0.975quant 

Intercept 0.003 1.794 0.003 0.008 

Gender (props) 1.0207 1.617 1.021 2.618 

HIV+(props) 1.870 1.486 1.882 4.001 

Average age 0.963 1.016 0.962 0.993 

 

Favorable treatment Outcomes 

 

In Tuberculosis control favorable outcomes play an 

important part in providing an understanding on the 

performance of the TB control programs. It is important to 

understand the distribution of favorable outcomes 

throughout the county.  From table 9 it shows that all the 

covariates were statistically non-significant (P-value > 0.05). 

Thus all the covariates were omitted from the spatial 

temporal model.  

Table 10 presents the results of the 2.5% quadrant and 

97.5% quadrant, its associated mean and standard deviation. 

Table 11 shows the model with both structured and 

unstructured random effects. Table 12 shows the model 

results when the fixed effects models results in table 10 were 

exponentiated.  

 

Table 9: GLM model Results for favorable treatment 

outcomes 

 Estimate Std Error z-value P-value 

Intercept 0.034 0.418 0.081 0.935 

Gender (props) -0.079 0.290 -0.273 0.785 

HIV+(props) -0.148 0.123 -1.205 0.228 

Average Weight -0.003 0.007 -0.037 0.971 

Average BMI 0.0005 0.004 0.118 0.906 

Average Age -0.003 0.007 -0.456 0.648 

Nutrition props 0.029 0.059 0.482 0.630 

 

Fixed Model Results 

 

Table 10: Spatial and temporal fixed effects model 
 Mean sd 0.025quant 0.975quant 

Intercept -0.1502 0.0112 -0.1722 -0.1282 

 

Table 11: Time: Random Walk 1 model 
Model Hyper 

parameters 

Mean sd 0.025quant 0.975quant 

spatial effect 19777.28 18826.60 69638.15 2.913 

Time 20138.93 20142.33 2649.11 75694.55 

unstructured 

spatial effect 

23138.93 19033.72 1665.00 70555.62 

Effective number of parameters =2.108 Deviance 

Information Criterion=611.46 

 

Table 12: Exponentiated Model Results 

 Mean sd 0.025quant 0.975quant 

Intercept 0.861 1.011 0.842 0.880 

 

Spatial Temporal Maps 

 

To display the distribution of notified cases, case 

notification rates, relative risks and TB/HIV distribution 

spatial temporal maps were produced. The calculations of 

the relative risks were premised on the significant covariates 

found to be significant and used in spatial temporal models 

used to generate the relative risks, posterior probability 

means and the associated standard deviations which 

facilitated the generation of the spatial temporal maps. 

 

Figure 2 shows the spatial temporal distribution over the 

three years (2012-2014) for all forms of TB and smear 

positive TB show similar pattern for the notified TB cases 

with close to 10 counties showing a huge TB burden which 

remained constant over the three years. These counties could 

benefit from more focused TB control strategies.  
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Figure 2: Distribution of All TB cases and Smear Positive 

TB Cases: 2012-2014 

 

Figure 3, shows maps of the case notification rates for all TB 

forms and smear positive tuberculosis were considered the 

picture changes significantly for additional number of 

counties, clearly showing where more effort should be put 

by the national TB control program. It shows that the highest 

case notification rates were in the following counties; 

Nairobi, Mombasa, Lamu, Machakos, Kisumu, Isiolo, West 

Pokot increasing in the last two years. 

 

 
Figure 3: Case Notification Rate for All TB cases and 

Smear Positive TB Cases: 2012-2014 

 

From Figure 4, it shows that the estimated risk of case 

notification rates per 100,000 was highest in the following 

counties Marsabit, Isiolo, Nairobi, Lamu, Mombasa, 

Machakos, Kajiado, Makueni, Kisumu, Siaya and Homabay 

and it shows that over the three years the estimated risk has 

remained unchanged and it seems the dynamics of TB 

disease has not been addressed in these counties.  

 

 
Figure 4: Relative Risk for Case Notification Rates for TB 

cases and Smear Positive TB Cases: 2012-2014 

 

Figure 5, shows that the estimated risk all forms of TB and 

smear positive TB were consistent with the results of 

relative risk for the case notification rates (figure 4) shows 

that the highest relative risk being reported in the following 

counties Marsabit, Isiolo, Nairobi, Lamu, Mombasa, 

Machakos, Kajiado, Makueni, Kisumu, Siaya and Homabay. 

It further shows that over the three years it seems the 

dynamics of TB disease has not been addressed in these 

counties.  

 
Figure 5: Relative Risk for All TB cases and Smear Positive 

TB Cases: 2012-2014 

 

In figure 6 it shows that HIV continues to be a major factor 

in spatial temporal distribution of tuberculosis given its 

major contribution to the burden of TB on HIV patients. The 

distribution shows that most of the counties with high 

burden of TB have also high burden of HIV. It is however 

notable that although not all high burden counties are high 

HIV it is important to then understand the dynamics of what 

is driving the TB epidemic in those counties.  
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Figure 6: TB HIV distribution 

 

In this figure 7, shows that all the counties continue to post 

very good treatment outcomes herein referred to as recovery 

rates. In the two years where the treatment outcomes were 

available all counties reported recovery rate greater than 

85%. This result is very encouraging given the fact that for 

successful TB control you require to cure or successful treat 

almost all you TB patients if you are to significantly cut 

down the rates of transmission in the communities. 

 

 
Figure 7: Distribution of Recovery Rates: 2012-2013 

 

6. Discussion  
 

The results show the inequality of TB disease distribution; 

both all TB forms and smear positive in Kenya. The results 

clearly show the counties (Nairobi, Mombasa, Isiolo, Homa 

bay, Kisumu and Siaya at risk of severe TB disease in the 

future. In this study it has been shown that some of the key 

covariates that were found to be significant were HIV+, 

gender and age. These covariates are some of the known risk 

factors for developing TB disease. Although this study did 

not examine the role of socio economic status it showed that 

TB tends to be more pronounced in those areas where 

population is highest and also where there is high incidence 

of HIV. Other studies have shown that there is a strong 

correlation between the measures of income, education and 

social vulnerability [31]-[33].  

 

While several studies have attempted to utilise spatial 

analytical tools using the GIS framework to describe the 

pattern of various infectious diseases in the African region 

[34] -[38], only a handful of studies have attempted to obtain 

spatial temporal review of tuberculosis.  

 

It has been noted that with improved surveillance and 

improvement in the access to and utilization of TB control 

services could lead to decrease in the transmission ongoing 

in the communities since with access and utilization of 

services, individuals who are sick are able to access care 

quickly hence cutting down the rates of transmission. One 

possible hypothesis is that those areas showing high burden 

to TB could be having challenges of access and utilization of 

TB services, [39]. [40]. In this study it has been 

demonstrated that national programs can utilize spatial 

temporal tools to identify hot spots for TB for improved 

interventions. With this illustration of cluster analysis and 

mapping of the disease distribution it adds value beyond that 

which can be obtained by presenting the disease notification 

rates or notification numbers reported in a table, as a cluster 

analysis helps identify areas with unusually high disease 

rates, which have less likely occurred by chance, [41]. 

 

It has been documented that improving TB control efforts 

could help reduce the transmission and change the 

geographic distribution of TB, [42]. Further, despite 

different intervention programs aimed at reducing disease 

transmission and improving case detection over many years, 

the unusually high rates of the disease could persisted in the 

same places, with the most likely spatial clusters showing a 

stable pattern if the actual dynamics of disease transmission 

are not addressed, [43]. Most of the studies reviewed did not 

include the mapping of recovery rates which provides an 

idea of cure rates which provides insights into the removal 

rates of the infectious cases in the population; figure 7 shows 

also that those counties with high relative risks also have 

lower recovery rates although higher than the target of 85%.  

 

Despite the interesting results, this study was faced with a 

number of challenges which included understanding the 

relationship between the economic status and tuberculosis 

distribution. Further there was need for understanding the 

health seeking behavior of patients, access to and utilization 

of health services in particularly TB control services. These 

are the areas that require further research to further 

understand the dynamics with govern the occurrence of 

Tuberculosis transmission. 

 

7. Conclusion 
 

It is very clear from this study that the growing field of small 

area estimation epidemiology helps to account for changing 

TB risk in space and time.. The results show that small area 

estimation enables mapping of TB risk, which can be used 

by policy makers to target and develop interventions which 

address the real challenges which occur in the public health 

arena. 

 

The results indicate that TB risk distribution in Kenya is 

different among the counties which demand a differentiated 

set of interventions. Special focus should thus be given to 

the identified ―hotspots‖ and more focused interventions 

geared towards these areas. The study joins a small but 

growing number of studies with utilising spatial and 

temporal effects in mapping the underlying factors that 

influence Tuberculosis dynamics.  
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