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ABSTRACT

	Tuberculosis (TB) remains a major public health concern in many parts of the world, including Benue State, Nigeria, where agricultural communities are particularly vulnerable. This study aims to model the monthly mortality incidence of tuberculosis (TB) among farmers in Benue State, Nigeria, focusing on serologically confirmed, active, severe, recovered, and mortality cases using count data regression models. Three count data regression models: Poisson Regression (PR), Negative Binomial Regression (NBR), and Generalized Poisson Regression (GPR) were employed to predict TB-related mortality based on these variables. Secondary data from the Benue State Epidemiological Unit, Makurdi, spanning from January 2010 to December 2023, served as the basis for analysis. The study found the presence of over-dispersion in the Poisson Regression model which necessitated the use of NBR and GPR. Model performance was evaluated using -2 Log-Likelihood (-2 logL), Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC). Among the three competing models, NBR provided the best fit, with a -2 logL value of -901.92, an AIC of 1203.85, and a BIC of 1223.70, effectively addressing the over-dispersion in the data. The analysis identified confirmed, active, and severe TB cases as significant predictors of TB-related mortality in Benue State. Additionally, a strong negative and significant relationship was observed between recovered cases and mortality, indicating that an increase in recoveries correlates with a decline in TB-related deaths. The study recommends that policymakers and researchers should prioritize the Negative Binomial Regression model for TB analysis, enhance TB case management and treatment adherence, improve TB data collection, and design targeted interventions to reduce severe cases and increase recovery rates among vulnerable populations like farmers.
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1. INTRODUCTION
Tuberculosis (TB) is a contagious bacterial infection primarily affecting the lungs, although it can also affect other parts of the body such as the kidneys, spine, and brain. It is caused by the bacterium Mycobacterium tuberculosis [1]. TB remains one of the leading causes of death worldwide, particularly in low- and middle-income countries. The primary symptoms of TB include a persistent cough, weight loss, night sweats, fever, and hemoptysis (coughing up blood) [1]. The transmission of TB occurs through the air when an individual with active TB coughs, sneezes, or talks, releasing droplets containing the bacteria into the environment [2]. Close and prolonged contact with an infected person significantly increases the likelihood of contracting the disease.
.
There are two primary forms of TB: latent and active. In latent TB, the bacteria remain dormant within the body and are not contagious, but they may become active if the immune system is weakened. Active TB is contagious and requires immediate medical intervention to prevent transmission to others [1]. TB is classified into pulmonary TB, which affects the lungs, and extrapulmonary TB, which affects other parts of the body [3]. The incidence of TB is often influenced by socio-economic conditions, poor nutrition, and co-infections, such as HIV, which weakens the immune system, making individuals more susceptible to developing active TB [4].

The World Health Organization’s Global Tuberculosis Report 2023 provides a comprehensive assessment of the TB epidemic and progress in prevention, diagnosis, and treatment at global, regional, and country levels. The report indicates that the TB incidence rate increased by 3.9% between 2020 and 2022, reversing previous declines of about 2% per year. This rise brought the incidence rate back to 2019 levels, resulting in a net reduction of only 8.7% from 2015 to 2022, which is significantly below the WHO End TB Strategy milestone of a 50% reduction by 2025. Despite a major global recovery in the number of people diagnosed and treated for TB in 2022, the disease remains a leading infectious killer worldwide. The report underscores the need for intensified efforts and increased funding to combat TB effectively [5].
The epidemiology of TB in Nigeria continues to be a major concern. According to the World Health Organization, Nigeria ranks among the 30 high TB burden countries globally. In Benue State, a largely agrarian region in central Nigeria, the prevalence of TB remains high due to factors such as poverty, inadequate healthcare infrastructure, and lack of awareness about the disease [6]. Farmers in this region are particularly vulnerable due to their exposure to poor living conditions, limited access to healthcare, and high rates of malnutrition, which are key risk factors for developing TB [7]. The inadequate early detection and treatment of TB in such rural populations contribute to the spread of the disease, making it a major public health issue.
Prevention and control of TB are critical for reducing its burden. The World Health Organization advocates for the Directly Observed Treatment Short-course (DOTS) strategy, which involves a combination of public health measures such as early diagnosis, effective treatment, and patient adherence support [1]. Vaccination with the Bacillus Calmette-Guérin (BCG) vaccine is commonly used to protect children from severe forms of TB, though it does not prevent pulmonary TB in adults [8]. Controlling TB requires a multi-faceted approach, including improving healthcare infrastructure, increasing public awareness, and enhancing access to diagnostic and treatment services, especially in rural areas like Benue State.
Treatment for TB involves a regimen of antibiotics, typically a six-month course of multi-drug therapy (MDT) that includes drugs such as Rifampicin, Isoniazid, Pyrazinamide, and Ethambutol [9]. Drug-resistant TB, a growing concern globally, requires alternative and often longer treatment regimens, underscoring the importance of adherence to prescribed therapies [10]. The control and management of TB in rural areas like Benue State, particularly among farmers, is complex due to the mobility of rural populations, delayed diagnosis, and challenges in treatment adherence.
To understand and predict the impact of various factors on TB mortality incidence, statistical models such as count data regression models are invaluable. These models, including Poisson regression, Negative Binomial regression, and Generalized Poisson regression, are specifically suited for count data, such as the number of TB-related deaths or cases. Count data regression models allow researchers to analyze the factors that influence the number of TB cases or deaths, accounting for over-dispersion (when the variance exceeds the mean) and other complexities of the data [11]. These models are particularly effective in infectious disease epidemiology, where the outcome variable is typically the count of cases or deaths, and can help identify risk factors for TB mortality in specific populations, such as farmers in Benue State.
The application of count data regression models in infectious disease modelling provides valuable insights into the epidemiology of TB. These models can estimate the relative risk of TB mortality, taking into account factors such as socioeconomic status, access to healthcare, and environmental conditions. They can also help inform public health interventions, such as resource allocation and targeted outreach programmes, to reduce TB-related deaths in vulnerable populations. By using count data regression models, researchers can better understand the dynamics of TB transmission and mortality, ultimately contributing to more effective strategies for TB control and prevention in regions like Benue State.
This study is therefore aimed at modeling tuberculosis mortality incidence among farmers in Benue State using some count data regression models. The study has the following specific objectives: (i) to examine the descriptive and distributional characteristics of tuberculosis infection cases among farmers in Benue State, Nigeria; (ii) to fit appropriate count data regression models to the tuberculosis data in Benue state based on the characteristics of the data; (iii) to investigate the presence of over-dispersion and under-dispersion in the fitted count data regression models; (iv) to select the best count data regression model that captures over-dispersion and under-dispersion for policy implementation. The rest of the paper is organized as follows: Section 2 focuses on literature review, section 3 deals with materials and methods, section 4 hinges on results and discussion while section 5 dwells on the concluding part of the paper.
2. LITERATURE REVIEW

The applications of count data regression models for infectious disease modeling are well documented literature. For examples, [12] used Poisson and Negative Binomial regression models to analyze the prevalence of malaria in Niger State, based on monthly outpatient data from the General Hospital in Minna. The study found a monthly increase of 0.053 and 0.054 in malaria prevalence, respectively, for the Poisson and Negative Binomial models. The incidence rate ratios (IRR) indicated a 6% monthly increase in malaria cases. The study recommended that the Nigerian government and NGOs implement more effective measures to reduce the frequency and threat of malaria in the region. Bui et al. [13] analyzed the impact of distance on tuberculosis incidence in Nam Dinh, Vietnam, using geographically weighted Poisson regression. The study offered valuable insights into identifying the most suitable model for examining the relationship between TB notification rates, distances, and associated social risk factors.

In Yazd Province, Iran, Mohammad et al. [14] conducted a cross-sectional study to compare the effectiveness of Poisson and Negative Binomial Regression models in analyzing factors influencing cardiovascular disease (CVD) mortality. Using 2017 death records from the Yazd death registration system, data on location, city of death, occupation, gender, age, and education were analyzed. Of 5,015 recorded deaths, 1,642 were due to CVD. Negative binomial regression identified significant correlations between CVD mortality and factors such as age, place of living, type of residence, and educational level. However, some factors, including occupation, showed no significant impact. Based on AIC and BIC criteria, the negative binomial model was more effective when incorporating the time of death as an offset variable, while the Poisson model performed better when using total deaths as the offset. Ojo et al. [15] modeled the number of new tuberculosis cases from 2000 to 2021 using integer time series analysis. For each African country, twenty different models were evaluated, and the best-fitting model was selected for each dataset. These models primarily assumed that the number of new cases followed either a Poisson or Negative Binomial distribution, with the rate parameter varying linearly or quadratically over time. The selected models were then used to generate predictions for the period 2022–2031.

Adenomon and Akinyemi [16] conducted a statistical analysis of HIV and tuberculosis (TB) cases in West Africa using panel Poisson and Negative Binomial regression models. The study utilized annual count data from 2000 to 2016, sourced from the World Health Organization, to examine TB prevalence trends and the impact of HIV on TB. The analysis revealed a positive trend in TB cases, with increases in HIV prevalence significantly contributing to the rise in TB cases across the region. Avci [17] analyzed factors influencing hospital admissions for schizophrenia in Turkey using count regression models. The study highlighted that the improper use of the Poisson model led to overestimated parameter significance and underestimated standard errors. To address over-dispersion, the study proposed using the Conway-Maxwell-Poisson (COM-Poisson) and Negative Binomial (NB) regression models as more suitable alternatives.

Shaaban et al. [18] examined hospital stay durations among 26,505 Portuguese HIV patients (2009-2017) using various count regression models. The random-effects negative binomial model, accounting for hospital-specific variability, best fit the data. The median stay was 11 days, with longer stays linked to male admissions, opportunistic infections (e.g., tuberculosis, candidiasis), and multiple diagnoses or procedures. Random effects highlighted variations in hospital quality across facilities. Vijithaswan and Hadaye [19] evaluated the suitability of count regression models for predicting daily monkeypox cases. Using Poisson and Negative Binomial regression models with a logarithmic link function, they found the Negative Binomial model to be the best fit due to data over-dispersion. Analysis, performed with SPSS 23.0, revealed significant declines in cases over time in countries such as the USA, Brazil, Canada, France, Germany, Peru, and Spain. The model accurately predicted daily case trends across these nations.

Adams et al. [20] applied count regression methods, including Poisson Regression (PR), Negative Binomial Regression (NBR), and Generalized Poisson Regression (GPR), to model daily COVID-19 deaths in Nigeria. The study aimed to identify a suitable model for confirmed, active, and critical COVID-19 cases over a 130-day period, using data from the Nigeria Centre for Disease Control (NCDC) between February 28 and July 6, 2020. The Generalized Poisson Regression model, which accounted for over-dispersion, performed best, with the lowest -2log-Likelihood, AIC, and BIC values. The analysis also found that active and critical COVID-19 cases had a significant positive impact on mortality in Nigeria. Indira [21] used the Negative Binomial Regression model to predict tuberculosis (TB) cases in West Java Province in 2021, analyzing data from 27 cities and districts. The study considered factors such as previous health complaints, poverty, population density, and sanitation. Poisson Regression was initially used but resulted in over-dispersion, which was addressed by the Negative Binomial model. The results showed that the percentage of low-income individuals and people with recent health complaints significantly impacted TB cases, with regression coefficients of 0.8755 and 1.0318, respectively. The final model, with the lowest Akaike Information Criterion (491.9), was deemed the most suitable for predicting TB cases in the region.

Durmus and İsciGuneri [22] used generalized Poisson regression to estimate tuberculosis cases among farmers in Benue State, addressing the unique challenges they face due to their socioeconomic status and occupational exposure. The study found that while all explanatory variables in the Poisson regression model were significant, the unemployment rate was not significant in the modified Poisson model. The analysis considered the data’s structure, highlighting the model's ability to handle varying levels of dispersion. Kuhe et al. [23] used count data regression models to predict daily COVID-19 cases in Nigeria, focusing on confirmed, active, critical, recovered, and death cases. They analyzed secondary data from the Nigeria Centre for Disease Control (NCDC) from February 29 to October 19, 2020. The study found that Poisson regression could not handle the over-dispersion in the data, so Generalized Poisson and Negative Binomial regressions were considered. Using performance metrics like -2log likelihood, AIC, and BIC, the study revealed that confirmed, active, and critical cases significantly impacted COVID-19-related deaths, while recovered cases had a negative effect. The authors recommended prioritizing confirmed, active, and critical cases to reduce mortality.

Hamarandji et al. [24] used Poisson and Negative Binomial regression models to analyze sociodemographic factors affecting acute respiratory infections (ARI) in toddlers in East Nusa Tenggara. The Poisson regression model showed over-dispersion, making it unsuitable for ARI cases, while the Negative Binomial model provided a better fit. The study found that poverty was a significant sociodemographic factor influencing ARI cases in toddlers in the region. Benti [25] used Generalized Linear Models (GLM) to assess the relationship between county-level characteristics and COVID-19 deaths in Sweden during the first and second waves (March 2020-June 2021). The study included 13 predictor variables, with three environmental and ten socio-environmental factors. Poisson and Negative Binomial regressions were applied, and the Negative Binomial model provided a better fit due to over-dispersion in the Poisson model. The results revealed that temperature and humidity were inversely related to COVID-19 mortality, while precipitation had no significant effect. Socio-demographic factors, including sick leave, post-high school education, home care for those over 65, and living in retirement homes, were also significant predictors of mortality.

Lestari [26] used Negative Binomial Regression to model the number of acute hepatitis cases in DKI Jakarta. The goal was to identify key factors contributing to hepatitis cases in the region to guide preventive actions. The study used data from the DKI Jakarta health office for 2021. While Poisson regression was initially considered for modeling the count data, Negative Binomial regression was applied to address over-dispersion. The Maximum Likelihood Estimation (MLE) method was used to estimate model parameters. The results indicated that the number of health facilities meeting standards, healthcare professionals, and HIV patients were significant factors explaining the incidence of acute hepatitis in DKI Jakarta. Adams et al. [27] used count data regression models to examine the impact of population density and related factors on the COVID-19 outbreak in Nigeria. The study assessed how variables like population density, confirmed cases, hospitalized cases, and discharged cases influenced the pandemic’s prevalence across Nigeria’s 36 states and the Federal Capital Territory. Data on COVID-19-related deaths, confirmed cases, hospitalizations, and discharges from June 20, 2021, to December 31, 2022, were sourced from the Nigeria Center for Disease Control (NCDC) and National Population Commission (NPC). The study found that the Generalized Poisson Regression model best handled over-dispersion and predicted COVID-19-related deaths. Confirmed cases were positively associated with higher death rates, while hospitalized cases, population, population density, and discharged cases were negatively associated with mortality.

Khaulasari [28] studied tuberculosis disease in Surabaya using a mixed spatially weighted Poisson regression model. The study identified global factors such as the number of HIV/AIDS patients, health education, the proportion of households using PHBS, and the percentage of the population receiving tuberculosis information as significant influences on tuberculosis rates. Local variables, like the percentage of healthy homes, also impacted tuberculosis spread. The study found that the Gaussian kernel fixed weighting MGWPR model outperformed both the GWPR and Poisson regression models, showing the highest R² and lowest AIC values.

Several studies have applied advanced regression models to investigate tuberculosis (TB) and similar infectious diseases in high-burden regions, providing insights into disease dynamics and control strategies. Weyer et al. [29] conducted a meta-analysis of drug-resistant TB in sub-Saharan Africa, utilizing meta-regression techniques to assess the prevalence and determinants of drug resistance. The findings revealed that HIV co-infection and previous TB treatment were significant predictors of drug-resistant TB, emphasizing the need for integrated TB-HIV treatment programs to mitigate the burden of resistant strains. Andrews et al. [30] carried out a combined transmission modeling with regression adjustment to estimate TB dynamics in households and external environments in Lima and Peru. This hybrid approach revealed that while household-level transmission was a significant driver of TB incidence, external community factors also played a critical role. These insights underscore the importance of targeting both household and community-level interventions.

In analyzing long-term trends of TB incidence and mortality, a study applied joinpoint regression analysis to identify significant changes in trends across four high-burden countries. Results showed that while improved healthcare access and expanded TB treatment programs contributed to declining TB incidence and mortality, progress varied widely among countries. This highlights the importance of context-specific interventions and consistent monitoring of progress through trend analysis [31]. Marcy et al. [32] conducted a study that focused on TB incidence among children and adolescents attending HIV treatment centers in sub-Saharan Africa applying Bayesian mixed-effects models to account for variability across centers. The study found that TB incidence was significantly higher in children with advanced HIV stages, underscoring the need for early TB screening and integrated care in this vulnerable population. 

3.0 material and methods 
3.1 Source of Data
The data used in this work comprised monthly time series secondary data on the confirmed, active, severe, recovered and death cases of Tuberculosis (TB) infection in Benue state. The data spanned from January, 2010 to December, 2023 and was obtained from Benue State Epidemiological Unit. The data was sieved through occupation to retain only farmers for this study.
3.2 Methods of Data Analysis
The following statistical tools have been employed for analysis of data in this work.. All analyses are implemented in Python software.
3.2.1Descriptive statistics
The mean of any given set of data is computed as:

The sample standard deviation is computed as:

where  is the sample mean,  is the sample size.
3.3 Model Specification
The models adopted for this study are the Poisson Regression (PR), Negative Binomial Regression (NBR) and Generalized Poisson Regression (GPR) models. The count data are monthly death cases of TB which are considered as the dependent variable whereas the monthly confirmed, active, severe, and recovered cases of tuberculosis (TB) infections are the independent variables. All the variables considered are continuous count data.
3.3.1 Poisson Regression (PR) Model 
Poisson regression is a type of regression analysis used when the dependent variable is a count variable, representing the number of events occurring in a fixed interval of time or space. The Poisson regression model assumes that the counts follow a Poisson distribution, which is characterized by the mean rate of events () occurring in the fixed interval [33]. The mathematical form of the Poisson regression model is given by:

where is the expected TB related deaths for the -th observation, is the natural logarithm of the expected TB related death, and it serves as the link function, is the intercept term,  confirmed cases,  active cases,  severe cases,  recovered cases,  and  are the slope coefficients corresponding to the confirmed, active, severe and recovered TB cases respectively and  are the error terms which account for the unexplained variations or factors not included in the model.
The model assumes that the observed counts  follow a Poisson distribution with mean 

The link function  transforms the linear combination of the independent variables into the range of real numbers, ensuring that the predicted values are positive. The Poisson regression model expresses the logarithm of the expected count as a linear combination of predictor variables, and it is commonly estimated using maximum likelihood methods.
3.3.2 Negative Binomial Regression (NBR) Model
Negative Binomial Regression (NBR) is commonly used to model count data, particularly when the data exhibit over-dispersion (i.e., when the variance exceeds the mean). The Negative Binomial model is an extension of the Poisson model with an additional parameter to account for over-dispersion [33]. The probability of observing a count is given by:


where  is the expected count and is given as  while the variance of  is given as , is the overdispersion parameter, and  is the gamma function.
When  the model would be referred to as a dispersion parameter, the Poisson regression model can be regarded as a limiting model of the Negative Binomial Regression model as approaches 0. 
The relationship between the outcome and the predictors is typically modeled as:

where is the expected TB related deaths for the -th observation, is the logarithm of the expected TB related death, and it serves as the link function, is the intercept term,  confirmed cases,  active cases,  severe cases,  recovered cases,  and  are the slope coefficients corresponding to the confirmed, active, severe and recovered TB cases respectively and  are the error terms.
The Maximum Log-Likelihood function of the distribution is expressed as:


The parameter () can be estimated by a partial differential of the Maximum Likelihood function with respect to and . The negative Binomial Regression does not assume the equality of the mean and variance but it corrects for over-dispersion that arises when the variance is greater than the conditional mean.
3.3.3 Generalized Poisson Regression (GPR) Model
Generalized Poisson Regression (GPR) is used to model count data, especially when the data exhibit over-dispersion (variance greater than the mean) or under-dispersion (variance less than the mean). GPR extends the traditional Poisson regression by introducing a dispersion parameter that adjusts for these phenomena [33].The probability function for the Generalized Poisson distribution can be expressed as:

where the mean is given as  and variances  and is refer to as the dispersion parameter [34].
The relationship between the outcome and predictors is typically modeled as:

where is the expected TB related deaths for the -th observation, is the logarithm of the expected TB related death, and it serves as the link function, is the intercept term,  confirmed cases,  active cases,  severe cases,  recovered cases,  and  are the slope coefficients corresponding to the confirmed, active, severe and recovered TB cases respectively and  are the error terms.
3.4 Model Evaluation and Diagnostic Checks
The following goodness-of-fit measures are employed to evaluate model performance and to check the adequacy of the estimated models.
3.4.1 Deviance statistic
Deviance is defined as the log likelihood of the final model multiplied by (-2). It is mathematically expressed as: 

[bookmark: _Toc171372271]where  is the predicted value of .
3.4.2 Pearson Chi-Square statistic
This is a goodness-of-fit measure that compares fitted values of the outcome variables with the actual values. It is computed mathematically as:

where  is the predicted value of .
3.4.3 Akaike Information Criterion (AIC)
Akaike information criterion (AIC) is a goodness-of-fit measure defined as:

3.4.4 Bayesian Information Criterion (BIC)
Bayesian information criterion (BIC) is a goodness-of-fit measure defined as:

where  is the total number of observations,  is the number of model parameters and  is the likelihood function of the final model defined as:


Thus given a set of estimated count data regression models for a given dataset, the preferred model is the one with the minimum values of information criteria and maximum log-likelihood value.
4. RESULTS AND DISCUSSION
4.1 Descriptive Statistics 
Table 1 displays the computed summary statistics for the confirmed, active, severe, recovered, and death cases of TB in Benue state.
Table 1:Summary Statistics of the Study Variables
	Variable 
	Confirmed
	Active
	Severe
	Recovered
	Death

	Mean
	686.5
	668.5
	144.55
	275.2
	17.685

	Standard dev.
	259.5
	258.5
	37.21
	174.7
	6.529

	Maximum 
	1123
	1092
	223.0
	794.0
	33.00

	Minimum 
	256
	240
	75.00
	33.00
	4.000

	N 
	168
	168
	168
	168
	168



The summary statistics presented in Table 1 for TB cases in Benue state indicate monthly averages of approximately 687, 669, 145, 275, and 18 individuals for confirmed, active, severe, recovered, and death cases of TB respectively. The corresponding standard deviations are approximately 260, 259, 37, 175, and 7 cases. The notably high standard deviation values compared to the means suggests a significant dispersion from the averages. Additionally, the substantial differences between the maximum and minimum values (ranges) of the TB cases further underscore the wide variability from the corresponding means during the investigated period. From the summary statistics results, it can be concluded that the elevated mean values of confirmed, active, and severe TB cases in Benue state over the 168-month period have contributed to a correspondingly high number of TB -related deaths in the studied area.
4.2 Omnibus test for TB cases in Benue state
The Omnibus test for model comparison is a statistical procedure used to compare the goodness of fit between two competing models. It evaluates whether one model provides a significantly better fit to the data than another by testing the null hypothesis that both models explain the data equally well. The results of the Omnibus test is computed and reported in Table 2
Table 2: Omnibus Test for TB Cases in Benue State
	Model 
	LR statistic
	df
	P-value

	Poisson Regression versus Negative Binomial
	19.8622
	163
	0.0000

	Poisson versus Generalized Poisson
	11.6579
	163
	0.0016

	Negative Binomial versus Generalized Poisson
	2.0587
	163
	0.1175


The Omnibus Test results reported in Table 2 compare the goodness of fit between Poisson regression, Negative Binomial and Generalized Poisson models for predicting TB death cases in Benue State. For the Poisson Regression versus Negative Binomial comparison, the LR statistic (19.8622) is significant (p=0.0000), suggesting that the Negative Binomial model fits the data better than the Poisson model. This is likely due to over-dispersion in the data which the Negative Binomial regression model can account for. For the Poisson versus Generalized Poisson regression models comparison, the LR statistic (11.6579) is significant (p=0.0016), indicating that the Generalized Poisson model performs better than the standard Poisson regression model. This could be due to the Generalized Poisson model’s ability to handle data with varying levels of dispersion.
For the comparison between Negative Binomial versus Generalized Poisson regression models, the LR statistic (2.0587) is not statistically significant (p=0.1175), suggesting that Negative Binomial regression model fits the data better than Generalized Poisson regression model. In other words, Negative Binomial versus Generalized Poisson gives  indicating that no significant fit improvement with the Generalized Poisson, suggesting that the Negative Binomial regression model sufficiently captures the dispersion pattern inherent in the data. Both the Negative Binomial and Generalized Poisson models outperform the Poisson model for these data. However, the Negative Binomial regression model has significant advantage over the Generalized Poisson model.
4.3 Test of multicollinearity for TB Cases in Benue State
To set a baseline for parameter estimation of TB cases in Benue State, a multicollinearity test was conducted by calculating the Variance Inflation Factor (VIF) for each predictor variable. Multicollinearity is considered present if any independent variable has a VIF value exceeding 10. The test results for each predictor variable are summarized in Table 3.
Table 3: Variance Inflation Factors (VIF) of the Predictor Variables
	Predictors 
	VIF
	1/VIF

	Confirmed Cases 
	3.2568
	0.3071

	Active Cases 
	2.9327
	0.2543

	Severe Cases 
	1.7865
	0.5598

	Recovered 
	2.5724
	0.3887

	Mean 
	2.6371
	


The results of the multicollinearity test presented in Table 3 reveal that the variance inflation factor (VIF) values for all predictor variables are below 10. This signifies that all variables are suitable for inclusion in subsequent analyses.

4.4 Modeling TB cases in Benue state using Count Data Regression Models
The TB confirmed, active, severe, recovered, and death cases are modeled using Poisson Regression (PR), Negative Binomial Regression (NBR) and Generalized Poisson Regression (GPR) models. The parameter estimates of the three count data regression models are reported in Table 4.
Table 4: Parameter Estimates of Count Data Regression Models
	Parameter 
	Coefficient 
	Std. Error
	z-statistic
	
	95% Conf. Interval

	
	
	
	
	
	Lower
	Upper

	Poisson Regression

	
	-2.437
	0.974
	-2.502
	0.019
	-3.956
	-0.818

	Confirmed 
	2.545
	0.998
	2.550
	0.017
	1.353
	3.095

	Active 
	0.585
	0.118
	4.958
	0.000
	0.039
	2.037

	Severe 
	1.093
	0.172
	6.355
	0.000
	0.159
	2.716

	Recovered
	-1.539
	0.165
	-9.327
	0.000
	-3.712
	-0.164

	-2Log-Likelihood
	AIC
	BIC

	-981.73
	1250.65
	1265.99

	Negative Binomial Regression Model

	
	-2.351
	0.693
	-3.392
	0.004
	-3.915
	-0.815

	Confirmed 
	2.532
	0.875
	2.894
	0.013
	1.349
	3.073

	Active 
	0.497
	0.095
	5.232
	0.000
	0.027
	1.823

	Severe 
	0.993
	0.152
	6.533
	0.000
	0.168
	2.525

	Recovered
	-1.492
	0.157
	-9.503
	0.000
	-3.821
	-0.173

	-2Log-Likelihood
	AIC
	BIC

	-901.92
	1203.85
	1223.70

	Generalized Poisson Regression

	
	-2.117
	0.693
	-3.392
	0.004
	-3.915
	-0.815

	Confirmed 
	2.502
	0.911
	2.746
	0.012
	1.279
	3.063

	Active 
	0.488
	0.079
	6.177
	0.000
	0.035
	1.736

	Severe 
	1.051
	0.231
	4.549
	0.000
	0.287
	3.063

	Recovered
	-1.652
	0.166
	-9.952
	0.000
	-3.732
	-0.185

	-2Log-Likelihood
	AIC
	BIC

	-902.65
	1210.30
	1230.15



The Poisson regression entails modeling the logarithm of the anticipated count in relation to the predictor variables. The parameters of the Poisson regression, as depicted in Table 4, can also be expressed as: 

The intercept signifies the anticipated Poisson regression estimate when all predictor variables in the model are set to zero. In the Poisson regression model reported in Table 4, the intercept exhibits a negative association with TB related deaths and achieves statistical significance at a 5% level of significance. The logarithm of the expected TB deaths registers a numerical value below zero (-2.437) when holding all independent variables constant in the model.

The slope coefficients for confirmed (), active (), and severe () cases of TB exhibit positive relationships with TB death cases and achieve statistical significance at the 5% level. This implies that an increase in the numbers of TB confirmed, active, and severe cases is associated with a corresponding increase in TB-related deaths. Specifically, a one-unit change in confirmed, active, and severe TB cases is expected to result in changes of 2.545, 0.585, and 1.093 units, respectively, in the differences in the logarithms of expected deaths due to TB, assuming the other predictor variables in the model remain constant.

The slope coefficient for recovered cases () of TB displays a negative relationship with TB death cases and attains statistical significance at the 5% level. This indicates that an increase in the number of TB recovered cases is associated with a decrease in TB deaths. To elaborate, a one-unit change in recovered TB cases is anticipated to result in a reduction of 1.539 units in the difference in the logarithms of expected deaths due to TB, assuming that the other predictor variables in the model remain constant.

The Negative Binomial regression model examines the relationship between the dependent variable (deaths) and independent variables (confirmed cases, active cases, severe cases, and recovered cases). The output includes the coefficient estimates, standard errors, z-statistics, p-values, and confidence intervals for each parameter. The relationship between the outcome and the predictors is typically modeled as:

In the Negative Binomial regression model reported in the middle panel of Table 4, the intercept exhibits a negative association with TB related deaths and achieves statistical significance at a 5% level of significance. The expected log count of TB deaths is -2.351when all independent variables (confirmed cases, active cases, severe cases, and recovered cases) are zero. This means that the base log count of deaths is negative, which indicates a very low expected death count when no cases are reported. The p-value is (0.004) less than 0.05, indicating that the intercept is statistically significant. The 95% confidence interval is (-3.915, -0.815) indicating that the true value of the intercept is likely to fall between -3.915 and -0.815 with 95% confidence.

The slope coefficients for confirmed (), active (), and severe () cases of TB exhibit positive and statistically significant relationships with TB death cases at 5% significance levels. This implies that for each one-unit increase in the numbers of TB confirmed, active, and severe cases, the expected log count of TB deaths increase by 2.532, 0.497 and 0.993 respectively, assuming the other predictor variables in the model remain constant. This means that as the number of confirmed, active, and severe cases rises, the death count is expected to rise as well, suggesting a positive relationship between the confirmed, active, and severe cases and deaths.

The slope coefficient for recovered cases () of TB displays a negative and statistically significant relationship with TB death cases at 5% level of significance. This indicates that an increase in the number of TB recovered cases is associated with a decrease in TB deaths. More specifically, for each one-unit increase in recovered cases, the expected log count of TB deaths decreases by 1.492. This suggests a negative relationship between the number of recovered cases and deaths, indicating that as more people recover, the death count tends to decrease, assuming that the other predictor variables in the model remain constant.

The standard error is relatively small (0.157), indicating that the estimate is precise. The z-statistic is very large and negative (-9.503), indicating that recovered cases have a highly significant negative effect on deaths. The p-value is extremely small (), indicating that the relationship is highly statistically significant. The 95% confidence interval of (-3.821, -0.173) indicates a 95% confident that the true coefficient for recovered cases lies between -3.821 and -0.173. This confirms that recovered cases significantly reduce the number of deaths.

The Generalized Poisson regression model also investigates the relationship between the dependent variable (deaths) and independent variables (confirmed cases, active cases, severe cases, and recovered cases). The output also includes the coefficient estimates, standard errors, z-statistics, p-values, and confidence intervals for each parameter. The relationship between the outcome and predictors is typically modeled as:

The negative intercept (-2.117) of the Generalized Poisson regression reported in the lower panel of Table 4 suggests that the baseline log of the expected number of TB deaths, when all other predictors are zero, is negative. This is statistically significant at the 1% level (p-value = 0.004), as the confidence interval does not contain zero. The 95% confidence interval (-3.915, -0.815) further supports this conclusion, indicating that the intercept is significantly different from zero.

The slope coefficients for the confirmed (), active (), and severe () cases of TB are positively related to the log of the expected number of TB deaths and statistically significant at the 5% levels of significance. Specifically, for every one-unit increase in confirmed, active and severe cases, the log of the expected number of TB deaths increases by 2.502, 0.488 and 1.051 respectively. These relationships are statistically significant (p-values = 0.012, 0.000 and 0.000 respectively), and the 95% confidence intervals [1.279, 3.063], [0.035, 1.736] and [0.287, 3.063] respectively confirm that the effects of confirmed, active ad severe cases on the number of TB deaths are significantly positive.
The slope coefficient for the recovered cases is negatively related to the log of the expected number of TB deaths and statistically significant at the 5% significance level. Specifically, for every one-unit increase in the number of recovered cases, the log of the expected number of TB deaths decreases by 1.652. This relationship is highly statistically significant (p-value < 0.001), suggesting that the number of recovered cases is associated with a decrease in the number of deaths. The confidence interval (-3.732 to -0.185) further confirms that the effect is negative and statistically significant.

Overall, the results suggest that there is a positive and significant relationship between confirmed cases, active cases, severe cases and deaths. An increase in the confirmed cases, active cases ad severe cases lead to significant increases in deaths whereas there is a strong negative relationship between recovered cases and deaths, meaning that as more people recover, the death cases decreases.
Table 5: Goodness of Fit Test for Count Data Regression Models
	Criterion 
	Value 
	df
	Value/df

	Poisson Regression Model

	Deviance 
	218.53
	163
	1.3407

	Pearson Chi-Square
	216.77
	163
	1.3299

	Negative Binomial Regression Model

	Deviance 
	107.45
	163
	0.6592

	Pearson Chi-Square
	112.70
	163
	0.6914

	Generalized Poisson Regression

	Deviance 
	115.50
	163
	0.7086

	Pearson Chi-Square
	115.85
	163
	0.7107



4.5 Models Comparison 
To select the best fitting model among the three competing models, the following performance metrics: -2Log-Likelihood, AIC (Akaike Information Criterion), andBIC (Bayesian Information Criterion) are employed. Table 6 presents the comparison of three regression models. 
Table 6: Model Comparison Using Performance Metrics
	Model 
	-2Log-Likelihood
	AIC
	BIC

	PR
	-981.73
	1250.73
	1265.99

	NBR*
	-901.92
	1203.85
	1223.70

	GPR
	-902.65
	1210.30
	1230.15


*demotes the best fitting model
Based on the -2 Log-Likelihood, AIC, and BIC metrics reported in Table 6, the Negative Binomial Regression (NBR) model emerges as the best-performing model, consistently yielding the lowest values across all three criteria. NBR is particularly well-suited for analyzing TB death data, as it effectively accounts for over-dispersion, ensures a superior model fit, and produces more reliable and statistically significant results. Therefore, NBR is recommended as the preferred model for this dataset, enabling accurate and meaningful interpretations of TB deaths.

5. CONCLUSION 

This study underscores the persistent public health burden of tuberculosis (TB) in Benue State, Nigeria, particularly among agricultural communities. By employing advanced count data regression models, the research identified critical predictors of TB-related mortality, including confirmed, active, and severe TB cases, while highlighting the protective effect of recovery rates. The Negative Binomial Regression (NBR) model emerged as the most suitable analytical tool, effectively addressing over-dispersion and providing robust insights for predictive analysis. These findings reinforce the importance of targeted public health interventions, including improved TB case management, treatment adherence, and enhanced recovery strategies. Furthermore, the study advocates for the adoption of NBR in future TB mortality analyses and calls for strengthened TB surveillance systems to inform evidence-based policymaking. Addressing these priorities will be pivotal in mitigating TB-related mortality and fostering healthier communities in Benue State and similar settings.
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