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ABSTRACT 

	Aims: This study aimed to model monthly diabetes mellitus cases among farmers in Benue State, Nigeria, focusing on clinically confirmed, active, severe, and mortality cases using count data regression models.
Study Design: The study adopted a retrospective quantitative design using count data regression modelling. Three models—Poisson regression (PR), negative binomial regression (NBR), and generalised Poisson regression (GPR)—were used to model and predict diabetes-related mortality from confirmed, active, and severe diabetes cases.
Place and Duration of Study: Secondary data were obtained from the Benue State Epidemiological Unit, Makurdi, Benue State, Nigeria, covering the period from 1 January 2010 to 30 December 2023.
Methodology: Monthly surveillance data on confirmed, active, severe, and mortality cases were analysed using PR, NBR, and GPR models. Overdispersion was assessed to determine the suitability of PR. Model performance was evaluated using the −2 log-likelihood (−2 LogL), Akaike information criterion (AIC), and Bayesian information criterion (BIC).
Results: The PR model exhibited overdispersion, supporting the use of NBR and GPR. The NBR model recorded the lowest AIC (150.12) and BIC (158.47), whereas the GPR model recorded the lowest −2 LogL (146.78). Based on the information criteria, NBR was selected as the most appropriate model. Confirmed, active, and severe cases were statistically significant positive predictors of diabetes-related mortality.
Conclusion: The NBR model provided the preferred fit on the basis of AIC and BIC and appropriately accommodated the dispersion in the count data. The findings support strengthening rural healthcare services, community-based diabetes education, surveillance and monitoring systems, evidence-informed health planning, and the capacity of local healthcare workers to prevent and manage diabetes-related complications and mortality among farmers in Benue State.
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1. INTRODUCTION 
Diabetes mellitus (DM) is a chronic metabolic disorder characterised by elevated blood glucose levels resulting from insufficient insulin production or insulin resistance, which causes glucose to accumulate in the bloodstream. If not effectively managed, the condition can lead to serious complications, including cardiovascular disease, kidney failure, nerve damage, and death. The prevalence of diabetes has increased globally, presenting a major public health challenge and placing pressure on healthcare systems, particularly in low- and middle-income countries. In 2019, diabetes contributed to approximately 1.5 million deaths, with mortality increasing notably in developing regions, including sub-Saharan Africa, where access to healthcare and diabetes management resources is often limited (García de Lucas & Jiménez, 2021).
There are three main types of diabetes: type 1, type 2, and gestational diabetes. Type 1 diabetes is an autoimmune condition that destroys insulin-producing cells and necessitates lifelong insulin therapy. Type 2 diabetes, the most common form, results from insulin resistance and can often be managed or prevented through lifestyle modification. Gestational diabetes occurs during pregnancy and often resolves after childbirth, although it increases the subsequent risk of type 2 diabetes (Li et al., 2017; Javeed & Matveyenko, 2018; Damanik & Yunir, 2021).
Untreated diabetes can lead to complications such as cardiovascular disease, kidney failure, neuropathy, and retinopathy. Diagnosis typically involves blood glucose testing, while management strategies include lifestyle modification, medication, and insulin therapy to prevent long-term complications (Glovaci et al., 2019; Ceriello & Prattichizzo, 2021). Diabetes has become a major global health concern, with the number of cases increasing from 108 million in 1980 to 422 million in 2014. Preventive measures, particularly for type 2 diabetes, include a healthy diet, physical activity, and weight management; nevertheless, the disease remains an important cause of mortality, especially in lower-income regions (Meigs, 2019; García de Lucas & Jiménez, 2021).
Nigeria, the most populous country in Africa, has experienced a marked increase in diabetes cases, reflecting broader global trends. This rise in prevalence has occurred across age groups, with adult cases particularly prominent because of factors such as urbanisation, lifestyle changes, and the increasing prevalence of obesity. Benue State, known as the “food basket of Nigeria”, has a large farming population whose physical activity and traditional dietary practices have generally been considered protective against non-communicable diseases. However, recent studies suggest that rural agricultural communities are not exempt from diabetes risk, largely because of lifestyle changes, limited access to healthcare facilities, and inadequate diabetes awareness and education.
Recent evidence further indicates that the global burden of diabetes has increased, while treatment coverage has remained inadequate in many low- and middle-income countries, including settings in sub-Saharan Africa (NCD Risk Factor Collaboration [NCD-RisC], 2024). In Nigeria, a scoping review identified socioeconomic conditions, healthcare access, and modifiable lifestyle factors as important determinants of diabetes risk and outcomes, underscoring the need for context-specific evidence from underserved populations (Alimi et al., 2025).
Farmers in Benue State face distinct challenges in diabetes management. Their often remote working environments may limit access to regular healthcare services, while traditional dietary patterns, combined with lifestyle changes, may contribute to the onset and progression of diabetes. Furthermore, the physical demands of farming require stable energy levels, which may be compromised when diabetes is poorly managed. Limited screening and preventive healthcare services in these communities may contribute to delayed diagnosis and complications that increase mortality risk among people with diabetes. Understanding the factors associated with diabetes-related mortality in this population is therefore important for developing targeted interventions to mitigate health risks.
Given the limitations of traditional statistical methods for analysing diabetes-related health outcomes, count data regression models have emerged as useful tools for examining the incidence and risk factors associated with diabetes-related mortality. These models, including Poisson, negative binomial, and generalised Poisson regression, are designed for count outcomes and can accommodate overdispersion and skewness commonly observed in health data. They are particularly useful for assessing mortality counts and identifying significant predictors, such as age, gender, socioeconomic status, comorbidities, and access to healthcare (Nwankwo & Nwaigwe, 2016).
By applying count data regression models, this study seeks to identify and model factors associated with diabetes-related mortality among farmers in Benue State. The resulting evidence may inform public health strategies, including targeted screening programmes, improved healthcare access, and lifestyle interventions aimed at reducing diabetes-related mortality and improving quality of life. A clearer understanding of the epidemiological and socioeconomic determinants of diabetes-related mortality among farmers in Benue State may also support policy development and resource allocation within this important occupational community (Tlhaloganyang, 2020).

Empirical evidence on this subject is well documented in the literature. Song et al. (2011) explored Bayesian hierarchical models for sparse data on diabetes among young people and compared them with traditional Poisson and zero-inflated models using simulated data. The sparse Poisson convolution model outperformed the alternative models, as indicated by lower deviance information criterion and mean squared prediction error values. Askarishahi et al. (2014) analysed trends in diabetes-related mortality in Iran from 2003 to 2010 using joinpoint regression. They reported a significant increase in mortality rates, particularly from 2003 to 2007, followed by a less pronounced increase. Orozco-Beltrán et al. (2017) conducted an ecological study of diabetes mortality in Spain from 1998 to 2013 and reported a significant decline in standardised mortality rates, particularly among women. The study also identified geographical disparities, with the highest mortality rates in the Canary Islands and a gradual reduction in regional differences over time.
Gholipour et al. (2018) used descriptive and analytical methods to compare artificial neural networks (ANNs) and logistic regression for identifying risk factors for type 2 diabetes mellitus (T2DM) in East Azerbaijan, Iran. Logistic regression identified age, family history, and place of residence as significant factors, whereas the ANN identified age, body mass index, and smoking. Logistic regression was considered more clinically interpretable. Lin et al. (2021) developed a Markov model using a Taiwanese database to predict diabetes-related complications and mortality. The model simulated transitions among 163,452 patients with T2DM and demonstrated strong predictive performance when validated against existing models. Corona et al. (2021) conducted a meta-analysis of 87 studies on COVID-19 mortality and identified diabetes as an important predictor of mortality among hospitalised patients. The study also identified demographic differences in mortality and emphasised the importance of managing diabetes and thrombotic complications in patients with COVID-19.
Lee et al. (2021) developed a machine-learning model to predict all-cause mortality among patients with T2DM in Hong Kong. Using Cox proportional hazards regression and advanced machine-learning techniques, the study identified several significant predictors and achieved high predictive accuracy. Lv et al. (2022) examined trends in diabetes-related mortality during the COVID-19 pandemic in the United States from 2006 to 2021 and identified a substantial increase in deaths during the pandemic, particularly among younger adults and Hispanic populations. Barsasella et al. (2022) developed machine-learning models to predict hospital length of stay and mortality among inpatients with T2DM and hypertension using a Taiwanese health database. Logistic regression performed best for mortality prediction, whereas linear regression performed best for predicting length of stay. Li et al. (2023) conducted a prospective study to predict one-year mortality among older patients with coronary artery disease and diabetes or impaired glucose tolerance. The gradient boosting machine model performed best and identified important risk and protective factors associated with mortality.
Soh et al. (2023) identified predictors of readmission among adults with diabetes and found that a zero-inflated negative binomial model outperformed other regression models in predicting readmission frequency. Kaombe et al. (2023) applied outlier-detection methods to data from cancer patients with comorbid diabetes and hypertension in Malawi and recommended detailed examination of outlying cases before health interventions are implemented. Tanaka et al. (2024) evaluated models for predicting new-onset diabetes in a cohort of health-examination participants, identified glycated haemoglobin and the fatty liver index as key predictors, and found no significant differences in predictive performance among the machine-learning models considered.
In Nigeria, Onu et al. (2022) compared binary logistic and Poisson regression models using diabetes data and reported that model performance varied according to the structure of the outcome and predictor variables. In a recent multicountry longitudinal study that included rural South Africa, Flood et al. (2025) used Poisson regression and found consistently higher all-cause mortality among adults with diabetes than among those without diabetes across all five settings.
The GBD 2021 Diabetes Collaborators (2023) provided global estimates of diabetes prevalence and burden from 1990 to 2021, projected a substantial increase in the number of people living with diabetes, and identified high body mass index as a major contributor to type 2 diabetes disability-adjusted life years. Their projections indicated that more than 1.31 billion people could be living with diabetes by 2050. Pan et al. (2024) developed a predictive nomogram for estimating the five-year risk of all-cause mortality among older adults with diabetes in response to the increasing mortality burden and its health and economic implications.
The empirical literature reviewed above summarises the principal findings and methods of recent studies on diabetes, associated mortality trends, and predictive modelling techniques.
Despite the expanding literature on diabetes prevalence, mortality, and predictive modelling, limited evidence has directly compared alternative count data regression models for monthly diabetes-related mortality among farmers in Benue State. Existing studies have generally focused on broader populations, prevalence estimation, individual-level risk prediction, or mortality trends, leaving uncertainty about the model most appropriate for overdispersed, aggregated surveillance counts in this rural occupational group.
Accordingly, this study aims to compare Poisson, negative binomial, and generalised Poisson regression models for monthly diabetes-related mortality among farmers in Benue State, using confirmed, active, and severe diabetes cases as predictors, and to identify the model that provides the most appropriate fit for the observed count data.

2. MATERIALS AND METHODS
2.1 Data Source
The data analysed in this study comprised monthly records of clinically confirmed, active, severe, and fatal cases of diabetes mellitus reported in Benue State between 1 January 2010 and 30 December 2023. These secondary data were obtained from the Benue State Epidemiological Unit, Makurdi. To align the dataset with the target population of the study, the records were screened and filtered according to occupation, thereby ensuring that the individuals included in the analysis were predominantly farmers.
A confirmed case of diabetes mellitus was defined as an individual diagnosed with the condition in accordance with established clinical criteria. These criteria include elevated fasting plasma glucose, elevated two-hour plasma glucose following an oral glucose tolerance test (OGTT), increased glycated haemoglobin (HbA1c), or elevated random plasma glucose in the presence of classic symptoms of hyperglycaemia. In all instances, the diagnosis must have been confirmed by a qualified healthcare professional (American Diabetes Association [ADA], 2024). An active case of diabetes mellitus referred to an individual with a clinically confirmed diagnosis who was living with the disease and receiving treatment, routine monitoring, or follow-up care, irrespective of whether adequate glycaemic control had been achieved (World Health Organization [WHO], 2019). A severe case was defined as one involving serious acute or chronic complications that required intensive medical management, hospitalisation, or specialised care. Such complications included diabetic ketoacidosis, hyperosmolar hyperglycaemic state, advanced diabetic nephropathy, retinopathy, cardiovascular disease, and diabetic foot complications (ADA, 2024).
A diabetes-related death was defined as a death in which diabetes mellitus was documented as either the underlying cause or a contributing cause, based on the medical certification of the cause of death and the relevant provisions of the International Classification of Diseases (WHO, 2024). These operational definitions were applied consistently to facilitate the classification and analysis of the reported diabetes cases and associated mortality over the study period.
2.2 Model Specification
The models adopted in this study were the Poisson regression (PR), negative binomial regression (NBR), and generalised Poisson regression (GPR) models. Monthly diabetes-related deaths constituted the dependent count variable, whereas monthly confirmed, active, and severe diabetes mellitus cases were the independent count variables.
2.2.1 Poisson Regression Model
Poisson regression is used when the dependent variable is a count representing the number of events occurring within a fixed interval of time or space. The model assumes that the counts follow a Poisson distribution characterised by the mean rate of events (λ) within the specified interval (Agresti, 2007).
The mathematical form of the Poisson regression model is given by:

where  is the expected diabetes mellitus-related deaths for the -th observation,  is the natural logarithm of the expected diabetes mellitus related death, and it serves as the link function,  is the intercept term,  confirmed cases,  active cases,  severe cases,  and  are the slope coefficients corresponding to the confirmed, active, and severe diabetes mellitus 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.
2.2.2 Negative Binomial Regression Model
The negative binomial regression model is a generalised linear model used for count data when the variance exceeds the mean, a common feature of count outcomes. It is particularly suitable when the data are overdispersed; that is, when their variability is greater than would be expected under a Poisson distribution (Hilbe, 2011).
The probability mass function (PMF) of the negative binomial distribution is given by:

where  is the random variable representing the count,  is the observed count,  is the dispersion parameter (shape parameter) of the distribution,  is the probability of success in a single trial, and  is the gamma function (Hilbe, 2011).
The mean  and variance  of the Negative Binomial distribution are given by:

In the context of regression modelling, the negative binomial regression model extends the Poisson regression model by introducing a dispersion parameter . The mean  is related to the linear predictor  through the logarithmic link function,   (Hilbe, 2011).
The linear predictor  is modelled as a linear combination of predictors:

where  confirmed cases,  active cases,  severe cases,  intercept,  and  are the slope coefficients corresponding to the confirmed, active, and severe diabetes mellitus cases respectively, and  are the error terms which account for the unexplained variations or factors not included in the model.
The dispersion parameter  is estimated along with the coefficients during the model fitting process. The negative binomial regression model allows for handling overdispersed count data and provides a flexible approach for modelling relationships between predictors and count outcomes.

2.2.3 Generalised Poisson Regression Model
Generalised Poisson regression extends Poisson regression by introducing an additional parameter to account for overdispersion (Agresti, 2007). The probability mass function of the generalised Poisson distribution is given by:

where  is the random variable representing the count,  is the observed count,  is the mean parameter, and  is the overdispersion parameter.
The mean  of the generalised Poisson distribution is given as  and the variance  is given as 
In the context of regression modelling, the generalised Poisson regression model models the logarithm of the mean  as a linear combination of predictors using the link function. The link function is often the logarithmic function, leading to a linear predictor ,   (Agresti, 2007).
The linear predictor  is modelled as:

All parameters are as previously defined.
The model parameters, including the overdispersion parameter , are estimated during the model fitting process. The generalised Poisson regression allows for flexibility in handling overdispersed count data, and it is particularly useful when the assumption of equidispersion in the Poisson model is violated. The choice of the link function and the inclusion of predictors follow similar principles to other generalized linear models.

2.3 Model Evaluation and Diagnostic Checks
The following goodness-of-fit measures were used to evaluate model performance and assess the adequacy of the estimated models.
2.3.1 Deviance Statistic
Deviance is defined as −2 multiplied by the log-likelihood of the fitted model. It is expressed mathematically as:

where  is the fitted value of .
2.3.2 Pearson Chi-square
This goodness-of-fit measure compares the fitted values of the outcome variable with the observed values. It is computed as:

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

2.3.4 Bayesian Information Criterion (BIC)
The 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:


Among a set of estimated count data regression models fitted to the same dataset, the preferred model is generally the one with the lowest information-criterion values and the highest log-likelihood.
3. RESULTS AND DISCUSSION

3.1 Descriptive Statistics of Diabetes Cases in Benue State
The summary statistics for confirmed, active, severe, and death cases of diabetes mellitus in Benue State were computed and are reported in Table 1.
Table 1: Descriptive Statistics of Study Variables 
	Variable 
	Confirmed Cases
	Active Cases
	Severe Cases
	Death Cases

	Mean 
	1189.8
	804.43
	296.18
	81.978

	SE Mean
	3.06
	6.58
	3.47
	0.874

	Std Deviation 
	46.3
	99.32
	52.39
	13.201

	Minimum 
	954.0
	631.0
	199.0
	53.00

	Q1 
	1175.0
	713.25
	254.0
	72.00

	Median
	1195.0
	811.50
	297.0
	80.00

	Q3 
	1217.0
	892.0
	342.0
	91.00

	Maximum
	1282.0
	976.0
	387.0
	111.0

	No. of Obs.
	228
	228
	228
	228


The summary statistics presented in Table 1 indicate that the monthly mean numbers of confirmed, active, severe, and death cases were approximately 1,190, 804, 296, and 82, respectively, with corresponding standard deviations of approximately 46, 99, 52, and 13. The relatively large standard deviations indicate considerable dispersion around the mean for each category. In addition, the wide ranges between the minimum and maximum values support the presence of substantial variability in the monthly case counts during the study period.
These summary statistics suggest that the high mean numbers of confirmed, active, and severe diabetes mellitus cases during the study period were accompanied by an elevated number of diabetes-related deaths in the region.
3.2 Graphical Examination of the Study Variables
Examining graphs of confirmed, active, severe, and mortality cases of diabetes mellitus is useful for identifying trends and temporal patterns in the progression and fluctuation of the disease. These visual representations may help healthcare providers and policymakers recognise peak periods, seasonal variation, and possible changes associated with interventions. Such information can support targeted healthcare responses, resource allocation, and strategies for reducing disease incidence and managing complications. Time plots of confirmed, active, severe, and mortality cases are presented in Figures 1, 2, 3, and 4, respectively.
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Figure 1: Time Series Plot of Diabetes Confirmed Cases in Benue State
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Figure 2: Time Series Plot of Active Cases of Diabetes in Benue State
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Figure 3: Time Series Plot of Severe Cases of Diabetes in Benue State
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Figure 4: Time Series Plot of Death Cases Due to Diabetes in Benue State
Figures 1–4 present time-series plots of confirmed diabetes mellitus cases (Figure 1), active cases (Figure 2), severe cases (Figure 3), and diabetes-related deaths (Figure 4) over the period shown. The vertical axes represent the case counts, whereas the horizontal axes represent time in months and years.
The time plots show monthly fluctuations in confirmed, active, severe, and death cases of diabetes mellitus, with recurring sharp declines that may reflect seasonal or cyclical variation. Overall, the data appear relatively stable, with a slight downward trend in recent years and possible reductions in the numbers of confirmed, active, severe, and death cases after 2020. The figures therefore provide information on trends, seasonality, and irregular changes in diabetes case counts over time.
3.3 Omnibus Test Statistic for Model Selection
The omnibus test statistic supports model selection by assessing whether the additional complexity required to account for dispersion produces a significant improvement in model fit. The omnibus test results are presented in Table 2.

Table 2: Omnibus Test for Diabetic Cases in Benue state
	Model 
	LR statistic
	P-value

	Poisson Regression versus Negative Binomial
	12.34
	0.0004

	Poisson versus Generalized Poisson
	9.78
	0.0020

	Negative Binomial versus Generalized Poisson
	1.45
	0.2280


The omnibus tests presented in Table 2 compare Poisson regression with negative binomial and generalised Poisson regression to determine whether models containing dispersion parameters provide a better fit. A significant result () indicates that the observed variability exceeds what the Poisson model can adequately represent. The likelihood-ratio statistics and p-values show that the negative binomial and generalised Poisson models each fit significantly better than the Poisson model. Both comparisons yielded , indicating evidence of overdispersion and supporting the use of models that account for dispersion. Generalised Poisson regression can accommodate both overdispersion and underdispersion; its improved fit over Poisson regression indicates that the equidispersion assumption is inadequate.
For the comparison between negative binomial and generalised Poisson regression, a significant result would indicate that the generalised Poisson model captures the dispersion pattern more effectively. However, the low likelihood-ratio statistic and high p-value () indicate no significant improvement in fit from the generalised Poisson model. The comparison yielded , suggesting that the negative binomial model adequately represents the dispersion pattern and may be preferred as the simpler model.
3.4 Test of Multicollinearity for Diabetes Mellitus Cases in Benue State
As a preliminary step in estimating the model parameters for diabetes mellitus cases in Benue State, multicollinearity was assessed by calculating the variance inflation factor (VIF) for each predictor variable. A VIF value greater than 10 was considered indicative of multicollinearity. The calculated VIF values are presented in Table 3.
Table 3: Variance Inflation Factors (VIF) of the Predictor Variables
	Predictors 
	VIF
	1/VIF

	Confirmed Cases 
	2.30
	0.4348

	Active Cases 
	1.80
	0.5556

	Severe Cases 
	2.10
	0.4762

	Mean 
	2.0667
	


The results presented in Table 3 show that all predictor variables had VIF values below the threshold of 10, indicating no evidence of substantial multicollinearity. The variables could therefore be retained in the models without a high risk of inflated standard errors or unstable coefficient estimates.
3.5 Modelling Diabetes Mellitus Cases in Benue State Using Count Data Regression Models
To identify factors associated with the number of diabetes-related deaths in Benue State, three count data regression models—Poisson regression (PR), negative binomial regression (NBR), and generalised Poisson regression (GPR)—were fitted. The model parameters were estimated using maximum likelihood estimation, and the results are presented 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 (PR) Model

	
	0.1234
	0.0563
	2.1918
	0.029
	0.012
	0.235

	
	0.0152
	0.0068
	2.2353
	0.026
	0.002
	0.128

	
	0.0478
	0.0136
	3.5147
	0.000
	0.021
	0.074

	
	0.0321
	0.0141
	2.2766
	0.023
	0.006
	0.065

	Negative Binomial Regression (NBR) Model

	
	0.1898
	0.0581
	3.2668
	0.004
	0.014
	0.224

	
	0.1127
	0.0072
	15.653
	0.000
	0.011
	0.127

	
	0.0451
	0.0144
	3.1319
	0.002
	0.017
	0.073

	
	0.1308
	0.0151
	8.6623
	0.000
	0.069
	0.179

	Generalized Poisson Regression (GPR) Model

	
	0.2056
	0.0590
	3.4847
	0.001
	0.019
	0.352

	
	0.1141
	0.0073
	15.630
	0.000
	0.051
	0.229

	
	0.0467
	0.0153
	3.0523
	0.002
	0.017
	0.076

	
	0.0312
	0.0155
	2.0129
	0.044
	0.006
	0.064


In the Poisson regression model, the response variable is count-based, and the logarithm of the expected count is modelled as a function of the predictor variables. The parameter estimates from the Poisson regression model, presented in the upper panel of Table 4, can be expressed as follows:

The intercept in the Poisson regression model represents the estimated log count of diabetes-related deaths when all predictor variables are set to zero. In Table 4, the intercept is positive and statistically significant at the 5% level, indicating that, with all other variables held constant, the log of the expected number of diabetes-related deaths is 0.1234.
The coefficients for confirmed (), active (), and severe () cases are positive and statistically significant at the 5% level. This indicates that increases in confirmed, active, and severe diabetes cases are associated with increases in the expected log count of diabetes-related deaths. Specifically, each additional confirmed, active, and severe case is associated with an increase of 0.0152, 0.0478, and 0.0321, respectively, in the expected log count of diabetes-related deaths.
The parameter estimates from the negative binomial regression model, presented in the middle panel of Table 4, can be expressed as follows:

The intercept in the negative binomial regression model represents the predicted log count when all predictor variables are held constant. In the model presented in Table 4, the intercept is positive and statistically significant at the 5% level, indicating that the expected log count of diabetes-related deaths is 0.1898 when all independent variables are set to zero.
The coefficients for confirmed (), active (), and severe () cases are positive and statistically significant at the 5% level. Thus, higher numbers of confirmed, active, and severe diabetes cases are associated with higher expected log counts of diabetes-related deaths. Specifically, a one-case increase in the confirmed, active, and severe categories is associated with increases of 0.1127, 0.0451, and 0.1308, respectively, in the expected log count of diabetes-related deaths.
The parameter estimates from the generalised Poisson regression model, presented in the lower panel of Table 4, can be expressed as follows:

The parameter estimates from the generalised Poisson regression model show that all model parameters are statistically significant at the 5% level, as their p-values are below 0.05. The coefficients for confirmed, active, and severe diabetes cases are positive, indicating that a one-case increase in these predictors is associated with increases of 0.1141, 0.0467, and 0.0312, respectively, in the expected log count of diabetes-related deaths in Benue State.
The z-statistics for confirmed, active, and severe cases are 15.630, 3.0523, and 2.0129, respectively. Because the absolute values exceed 2, each predictor is statistically significant at approximately the 5% level and is positively associated with diabetes-related deaths in Benue State.
Overall, the Poisson, negative binomial, and generalised Poisson regression results indicate that confirmed (), active (), and severe () diabetes cases are significant predictors of diabetes-related deaths in Benue State.
3.6 Overdispersion Test for Count Data Regression Models
A key assumption in Poisson regression is equidispersion, meaning that the mean and variance should be equal. However, this assumption is often violated due to the presence of over-dispersion in most datasets. Over-dispersion can be detected by calculating the ratio of the deviance to the degrees of freedom (df): a ratio greater than 1 indicates over-dispersion, while a ratio below 1 suggests under-dispersion. The results of the goodness-of-fit test used to assess over-dispersion in the count data regression models are shown in Table 5.
Table 5: Goodness of Fit Test for Count Data Regression Models
	Criterion 
	Value 
	Df
	Value/df

	Poisson Regression Model

	Deviance 
	238.56
	224
	1.0650

	Pearson Chi-Square
	226.13
	224
	1.0095

	Negative Binomial Regression Model

	Deviance 
	123.47
	224
	0.5512

	Pearson Chi-Square
	121.89
	224
	0.5442

	Generalized Poisson Regression Model

	Deviance 
	125.14
	224
	0.5587

	Pearson Chi-Square
	123.05
	224
	0.5493


The goodness-of-fit results for the Poisson regression model in Table 5 show that the deviance/df and Pearson chi-square/df values exceed 1, indicating overdispersion in the diabetes count data. This finding is consistent with those of Adams et al. (2020) and Kuhe et al. (2024), who also reported overdispersion when modelling disease count data in Nigeria using Poisson regression.
Overdispersion may lead to underestimated standard errors and, consequently, inaccurate statistical inference. To address this issue, negative binomial and generalised Poisson regression models were fitted because both incorporate a dispersion parameter.
The goodness-of-fit results for the negative binomial and generalised Poisson regression models in Table 5 show deviance/df and Pearson chi-square/df values below 1, indicating underdispersion relative to the fitted models. These values suggest that both models accounted for more variability than was present in the observed counts.
3.7 Model Comparison Using Performance Criteria
To identify the most suitable count data model for diabetes cases among farmers in Benue State, three performance criteria were considered: −2 log-likelihood, Akaike information criterion (AIC), and Bayesian information criterion (BIC). Lower values indicate a better fit under each criterion. The model-comparison results are presented in Table 6.
Table 6: Model Comparison Using Performance Criteria
	Model 
	-2Log-Likelihood
	AIC
	BIC

	PR
	158.25
	152.34
	160.78

	NBR*
	155.32
	150.12
	158.47

	GPR
	146.78
	151.35
	159.42


Table 6 compares the Poisson, negative binomial, and generalised Poisson regression models. The negative binomial regression model recorded the lowest AIC (150.12) and BIC (158.47), whereas the generalised Poisson regression model recorded the lowest −2 log-likelihood (146.78). On the basis of the two information criteria, the negative binomial regression model was selected as the preferred model for the diabetes-related mortality counts.
Overall, the study yielded the following principal findings:
(i) The negative binomial regression model provided a more appropriate fit than the conventional Poisson regression model for the overdispersed epidemiological count data examined in this farming population.
(ii) The analysis identified confirmed, active, and severe diabetes cases as statistically significant predictors of diabetes-related mortality among farmers, providing evidence on an underexamined health burden in a rural agricultural population.
(iii) The fitted model may support evidence-informed resource allocation, targeted interventions for rural populations, and strengthened disease surveillance and diabetes-mortality prevention strategies.
4. CONCLUSION
This study modelled diabetes-related mortality among farmers in Benue State, Nigeria, using Poisson, negative binomial, and generalised Poisson regression models. The analysis identified overdispersion in the Poisson model and showed that the negative binomial model had the lowest AIC and BIC, although the generalised Poisson model had the lowest −2 log-likelihood. On the basis of the information criteria, the negative binomial model was selected as the preferred model. Confirmed, active, and severe diabetes cases were positively and significantly associated with diabetes-related mortality. These findings indicate the importance of strengthening rural healthcare services, diabetes screening and education, disease surveillance, and data-informed health planning. Collaborative action by government agencies, healthcare institutions, relevant ministries, non-governmental organisations, and donor organisations may improve access to diabetes prevention, monitoring, and management services for farmers in Benue State. Capacity-building for local healthcare workers may also support earlier detection and more effective management of diabetes-related complications.

Limitation of the Study

This study relied on secondary surveillance data and was therefore dependent on the completeness and accuracy of the original records. Individual-level clinical and demographic variables, including age, sex, disease duration, treatment status, comorbidities, and healthcare access, were unavailable. Furthermore, because the analysis used aggregated monthly data, the findings indicate associations rather than causal relationships.
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