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Abstract 
Even with several interventions and innovations geared towards curbing the disease, TB is still one of 
the biggest global public health concerns, particularly among developing nations like Nigeria. 
Distribution patterns of TB are non-uniform and vary significantly according to environmental 
characteristics, economy, and accessibility of care facilities, amongst other aspects. Global regression 
models employed in studying global public health usually fail to capture local heterogeneity since they 
rely on the assumption that all relations remain the same in all regions. This paper utilizes 
geographically weighted Poisson regression (GWPR) in analyzing the impact of relative humidity, 
population density, and accessibility on TB incidence within LGAs of Gombe State from 2020 to 2024. 
Spatial autocorrelation analysis using Moran’s I indicated changes in the distribution pattern over time 
from random distribution (2020-2023) to cluster (2024); I=0.0923, p<0.05, an indication of increasing 
spatial dependence. GWPR indicated that spatial relationship between TB incidence and the predictors 
was location-specific, consistent with previous findings in spatial epidemiology literature. 
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INTRODUCTION 
Despite various efforts to combat it, Tuberculosis remains an extremely lethal disease, causing 
over ten million infections annually and posing great threat to the sub-Saharan part of the 
African continent (World Health Organization, 2023). The state of Nigeria remains one of the 
most critical in terms of the number of cases caused by social inequalities, inadequate health 
system, and environmental risk factors leading to the global increase in the number of cases 
(NTBLCP, 2022). 
 
The distribution of TB is not straightforward since it depends on multiple environmental, 
economic, and medical variables. Such environmental factors as humidity, temperature, and 
seasons contribute to the survival and development of infection (Guo et al., 2018). On top of 
this, the likelihood of being infected increases significantly due to poverty, dense population, 
and low medical accessibility (Babatunde et al., 2021). 
 
Statistical models such as Poisson regression presume that there is spatial stationarity, 
meaning the relationship between the dependent and independent variables remains constant 
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irrespective of the location under consideration. However, TB transmission is a spatial 
phenomenon that changes depending on the local conditions in each area. That is why models 
should be spatially explicit. 
 
Geographically weighted Poisson regression (GWPR) is an extension of regression modeling 
that assumes parameter variation across locations hence being able to capture spatial variation 
in the relationship between the independent and dependent variables. Previous studies have 
demonstrated that GWPR is effective in modeling infectious diseases by considering spatial 
variations of risk factors associated with the infections. In the present study, GWPR will be 
used to examine TB distribution in Gombe State, Nigeria. 
 
Spatial regression modeling of infectious disease spatial distribution has been widely used by 
earlier studies, including TB. For instance, Guo et al. (2018) found out that environmental 
factors such as humidity and temperature have different relationships with TB incidence in 
China; whereas conventional Poisson regression was not able to show any local variation, 
spatial regression helped detect this pattern. In another study, Babatunde et al. (2021) used 
global Poisson regression to analyze Nigerian TB cases, but they realized that there were 
spatial autocorrelations in their models’ residuals. Spatial regressions have proven to be 
useful elsewhere too in high burden countries such as South Africa and India, where studies 
revealed that there were spatial differences in the effects of socioeconomic factors like poverty 
and density. In Nigeria, spatial regressions have only been carried out at the national level or 
using global models at regional levels. Notably, no existing literature on TB spatial analysis 
in Nigeria uses spatial regression at a state level nor does any use GWPR on Gombe State 
specifically.  
 
This research aims to fill an important void in existing knowledge: although GWPR has 
already been established as an effective method for TB modeling in other parts of the world, 
and despite the fact that Nigeria is known as one of the countries hardest hit by tuberculosis, 
no spatially sensitive analysis has yet been undertaken to examine TB risk factor heterogeneity 
at the intra-state level in Gombe State. Current research on TB in Nigeria is based on models 
that do not consider space explicitly, using global regression techniques that fail to capture 
local differences in environmental and socioeconomic determinants of TB incidence. What 
makes this research novel is its use of GWPR on TB surveillance data from Gombe State to 
derive spatially sensitive coefficient estimates for each unit of geography, instead of a uniform 
estimate across all locations. 
 
MATERIALS AND METHODS 
Study Area 
Gombe State is located in the northeastern part of Nigeria and comprises eleven local 
government areas. It has a tropical climate with distinct seasons of rainfall and no rainfall; it 
also has a Harmattan season that marks a dusty and dry environment. It is during this time 
that respiratory diseases become prevalent (Onyebuchi et al., 2021). 
 
Data Sources 
The study makes use of a number of critical components: 
- Tuberculosis Incidence Data; Annual TB case notifications (2020–2024) from the National 
Tuberculosis and Leprosy Control Programme (NTBLCP) and the Gombe State Ministry of 
Health. Disaggregated by LGA. 
- Environmental Data Meteorological factors: precipitation, temperature, humidity, sunlight 
(NIMET). 



A Geographically Weighted Poisson Regression Model for Spatial Analysis of Tuberculosis Incidence in Gombe 

State, Nigeria   

 

L. A. Ajibola et al, DUJOPAS 12 (2c): 363-371, 2026                                                                         365 

 

- Socio-Economic Data Population density and accessibility of health services (GBS). 
Administrative area shapefiles were aligned with the PHC data. Nomenclature differences, such as 
those for "Shongom" and "Kaltungo," were addressed to achieve a 100% match during the spatial 
join procedure. 
 
Spatial Autocorrelation 
Moran’s I is used to measure spatial autocorrelation, a widely accepted method in 
epidemiological studies (Anselin, 1995). 
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Geographically Weighted Poisson Regression (GWPR) 
GWPR is an extension of Poisson regression that models change in the dependence between 
variables in count data by incorporating spatial variation (Nakaya et al., 2005). In each location 
𝑖, the variable is distributed as Poisson with mean 𝜇𝑖 which is assumed to be the exponential 
function of a linear combination of independent variables, whose coefficients vary spatially 
as: 
 

𝑦𝑖 ∼ Poisson(𝜇𝑖)………..……………………….....................… (2) 
 

log (𝜇𝑖) = 𝛽0(𝑢𝑖, 𝑣𝑖) + ∑ 𝛽𝑘
𝑝
𝑘=1 (𝑢𝑖, 𝑣𝑖)𝑥𝑖𝑘 …………………… (3) 

Spatial variability is accounted for by employing a Gaussian kernel for weight adjustment, 
which is common practice in GWPR models (Fotheringham et al., 2002): 
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where: 

- dij is the distance between locations i and j, and 

- b is the bandwidth controlling the degree of spatial smoothing. The bandwidth is selected 
using cross-validation to minimise prediction error. 

The GWPR model yields a spatially explicit estimate of expected TB incidence: 

𝜇̂𝑖
GWPR = exp [𝛽̂0(𝑢𝑖, 𝑣𝑖) + ∑ 𝛽̂𝑘

𝑝

𝑘=1
(𝑢𝑖, 𝑣𝑖)𝑥𝑖𝑘]…………. (5) 

 
RESULTS 
Spatial Distribution of TB Incidence From (2020 to 2024) 
The map showing TB cases reveals a time-related trend toward increasing numbers of TB 
cases in line with previous TB cases in high-burden regions (WHO, 2023). There is evidence 
of a concentration of hotspots in Yamaltu/Deba, Akko, and Gombe LGAs, consistent with the 
findings from spatial TB studies. 
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Figure 1: Spatial distribution of tuberculosis incidence across LGAs in Gombe State from 2020 to 2024. 

 
From figure 1, The spatial distribution maps reveal a progressive increase in TB incidence 
over the study period. In 2020, TB cases were relatively low and widely dispersed. However, 
by 2024, high-incidence areas became more concentrated, particularly in Yamaltu/Deba, 
Akko, and Gombe LGAs. This indicates a transition from dispersed to localized transmission 
patterns. 
 
Spatial Autocorrelation 
Moran’s I statistic was computed for each year to assess spatial clustering of TB incidence. 
The results are presented in Table 1. 
 
Table 1. Global Moran’s I Statistics for Tuberculosis Incidence (2020 - 2024) 

Year Moran’s I Expected I p-value Interpretation 

2020 0.0235 -0.100 0.130 Random Distribution 

2021 0.0652 -0.100 0.052 Random Distribution 

2022 0.0048 -0.100 0.071 Random Distribution 

2023 -0.0083 -0.100 0.114 Random Distribution 

2024 0.0923 -0.100 0.024 Significant Clustering (p < 0.05) 

 
Frome Table 1 Above the Results of Moran’s I analysis indicate a change from a state of 
spatial randomness in 2024 to a distinct clustering of TB cases. This finding is consistent with 
previous research on TB clustering in economically disadvantaged neighborhoods (Daniel et 
al., 2022). 
 
GWPR Results 
After identifying spatial autocorrelation, the following GWPR model was constructed to estimate the 
effects of local factors on TB incidence. Three variables were selected for the reduced model: relative 
humidity (environmental factor), health access (institutional factor), and population (demographic 
factor). 
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The GWPR model effectively estimates local coefficients for 11 LGAs for 5 years (2020 – 2024). The 
spatial distribution of the locally estimated coefficients is represented below. 

 
Figure 2: GWPR Local Coefficients (2020) 

 
Figure 3: GWPR Local Coefficients (2021) 
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Figure 4: GWPR Local Coefficients (2022) 

 
 

Figure 5: GWPR Local Coefficients (2023) 
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Figure 6: GWPR Local Coefficients (2024) 

 
From figures 2, 3, 4, 5, and 6 above shows that Relative humidity and TB do not interact in a 
straightforward fashion: the more arid the climate, the more cases there are; on the contrary, 
a more humid environment appears to suppress TB infection. In other words, when the air 
gets drier, for instance during Harmattan season, airborne TB bacteria survive longer. 
 
The third determinant that has to be considered is healthcare. The presence of healthcare 
services is positively correlated with TB rates because the number of cases diagnosed and 
registered depends significantly on the quality of such facilities. There is an evident bias in 
notifications, as those countries and regions with efficient healthcare have higher TB rates, 
whereas healthcare gaps lead to under-reporting.  
 
Finally, population density does not have a consistent relationship with the disease rate either. 
In urban areas, this connection becomes somewhat looser, suggesting a partial saturation 
phenomenon caused by more accessible healthcare services and greater awareness among 
citizens. On the contrary, a higher population rate is positively related to TB incidence in rural 
communities. 
 
DISCUSSION  
From the above findings (Figure 1; Table 1), it is clear that tuberculosis in Gombe State is not 
uniformly distributed, but rather, its spread occurs in clusters that have progressively been 
becoming more visible over time. While there was no visible evidence of clustering between 
2020 and 2023, as shown by Moran’s I values of 0.0235, 0.0652, 0.0048, and -0.0083 (all *p* > 
0.05, Table 1), the presence of clustering can be noticed in 2024 (Moran’s I = 0.0923, *p* < 0.05, 
Table 1). In addition, visual representation shows the transition from random to clustering 
pattern in Figure 1, which depicts the wide-spread of TB cases across 2020-2023, while 
clustering emerges within Yamaltu/Deba, Akko, and Gombe LGAs in 2024. These findings 
support spatial epidemiology concepts, in which infectious diseases exhibit random patterns 
at first, then evolve into clusters due to the rise in inequalities in socio-economic and 
environmental determinants (Anselin, 1995; Daniel et al., 2022). The emergence of clustering 
patterns among tuberculosis infections in those three particular LGAs is attributed to 
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structural determinants such as unequal access to healthcare services and population density, 
which are significant predictors of tuberculosis prevalence (Lönnroth et al., 2010).  
 
The findings from GWPR analysis (Figures 2-6) reveal that the correlation between the TB 
incidence rate and the predictors of TB incidence rate changes based on the LGA; meaning, it 
is not constant among all the LGAs. It is worth mentioning here that epidemiological process 
does not demonstrate any kind of spatial homogeneity. As far as the relationship between 
relative humidity and the TB incidence rate is concerned, relative humidity decreases TB 
incidence rates (negative local coefficients are shown for most of the LGAs in Figures 2-6) as 
proposed in previous literature reports which state that low humidity helps the disease 
transmit through an airborne mode. Besides, the higher availability of the health care facilities 
leads to greater prevalence of TB cases in northern LGAs (for instance, positive coefficients 
for health access in northern areas in Figures 4-6), but the reason behind is only the higher 
ability of the LGA in terms of reporting TB cases and not the transmission of the disease. It 
should be noted that the difference in impacts of population density in LGAs can be explained 
through urban saturation. 
 
The paper clearly demonstrates that it is worth using the local spatial approach for the analysis 
of infectious diseases such as TB, especially if there are inadequate health resource allocations. 
GWPR can help identify the changing dynamics and the reasons behind the development of 
TB in different locations better than the conventional generalized Poisson regression method 
(Nakaya et al., 2005; Sun et al., 2020). Turning to the policy implications, the findings 
demonstrate that the priority areas for TB control and prevention measures must be identified 
(hot spots found on the maps in Figures 1 and 2-6, 2024). The problem of access to medical 
assistance must also be considered. Integrating environmental monitoring data into the TB 
monitoring efforts will help to enhance preventive measures due to the fact that the 
environment plays an important role in the transmission of the disease (Guo et al., 2018).  
 
CONCLUSION 
This study used the Geographically Weighted Poisson Regression (GWPR) technique to 
examine the spatial variability of TB incidence rates across the eleven LGAs of Gombe State, 
Nigeria, for the period 2020 to 2024. The study found that TB incidence rates are not spatially 
homogeneous and show a definite shift from randomness (2020–2023) to spatial clustering in 
2024, as indicated by the Moran’s I indices (Table 1) and illustrated in Figure 1. The three 
persistent hot spots identified were Yamaltu/Deba, Akko, and Gombe. These findings 
highlight the significance of locally specific structural factors, such as accessibility to health 
facilities and population density. 
 
The GWPR analysis results (Figures 2–6) indicate that predictor variables have differential 
impacts across the various LGAs. Relative humidity was significantly negatively associated 
with TB incidence rates, reflecting the biophysical phenomenon that TB bacilli can survive for 
longer periods in relatively dry air. Accessibility to healthcare facilities had a positive impact 
on the TB incidence rate, especially in the northern LGAs, possibly due to enhanced case 
detection and reporting. Population density had a differential impact on TB incidence rates, 
being less influential in the urban areas due to saturation and more positive in the rural areas. 
From the methodology perspective, the superiority of GWPR over global Poisson regression 
was in its ability to account for local differences in predictor-outcome associations, resulting 
in a more precise analysis that can inform spatial interventions. In terms of policy 
implementation, it would be beneficial to focus on the hotspot LGAs identified in our study, 
build up the health system capacity in poorly served rural areas, and introduce environmental 
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indicators such as humidity, seasons, and Harmattan in TB surveillance activities. Improving 
the reporting rate in low TB reporting LGAs would also be crucial. Additional studies are 
needed to incorporate environmental and socio-economic factors in addition to time 
dimensions. 
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