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Poisson Autoregressive and Poisson Exponential Weighted Moving Average Models for Infectious Disease Prevalence among Farmers in Benue State, Nigeria
ABSTRACT 

	Aims: This study aims to model and analyze the infection rates of Human Immunodeficiency Virus (HIV), Tuberculosis (TB), and Viral Hepatitis (VHP) among farmers in Benue State, Nigeria, and to examine their temporal dynamics and co-infection patterns using Poisson-based time series models.
Study design: The study adopts a quantitative, retrospective time series design utilizing count data models, specifically the Poisson Autoregressive (PAR(1)) and Poisson Exponential Weighted Moving Average (PEWMA) models.
Place and Duration of Study: The study was conducted in Benue State, Nigeria, using monthly secondary data on serologically confirmed cases of HIV, TB, and VHP from January 2010 to December 2022.
Methodology: Descriptive statistics, time plots, bar charts, and the Anderson-Darling normality test were employed to explore the data characteristics. The PAR(1) model was used to assess persistence in infection rates, while the PEWMA model captured dynamic changes and co-infection relationships. Model performance was evaluated using coefficients of determination and diagnostic checks for dispersion and predictive accuracy.
Results: The findings revealed increasing trends in HIV, TB, and VHP infections with clear non-Gaussian distributions. Peak infection rates occurred between 2017 and 2019, while the lowest rates were observed in 2010. The PAR(1) model indicated strong persistence with lag coefficients of 0.7362 (HIV), 0.7036 (TB), and 0.6718 (VHP). Monthly increases were estimated at 2.25% for HIV, 1.22% for TB, and 12.08% for VHP. The models demonstrated strong goodness-of-fit with R² values of 83.3%, 78.8%, and 80.8% for HIV, TB, and VHP, respectively. The PEWMA model highlighted significant co-infection dynamics, particularly between HIV and TB, and showed that VHP incidence is closely associated with both infections. Diagnostic results confirmed minimal over-dispersion and strong predictive capability.
Conclusion: The study concludes that infection rates of HIV, TB, and VHP among farmers in Benue State are increasing and exhibit strong temporal dependence and co-infection interactions. The findings underscore the need for continuous surveillance, targeted interventions, and integrated public health strategies. Further research is recommended to investigate the underlying drivers of these trends and the observed non-normality in the data.


Keywords: Infectious Diseases, Farmers, Poison-Based Regression, Time Series Models, Benue State, Nigeria.

1. INTRODUCTION 
Infectious diseases remain a major public health burden worldwide, especially in sub-Saharan Africa where the prevalence of communicable diseases such as HIV, tuberculosis (TB), and viral hepatitis (VHP) continues to pose significant health and socio-economic challenges. According to the World Health Organization (WHO, 2023) these diseases account for a high proportion of morbidity and mortality in the region. Nigeria, being one of the most affected countries, continues to experience high infection rates despite various public health interventions. The situation is further aggravated in rural areas where healthcare access is limited, and the farming population remains highly vulnerable due to occupational exposures and limited health literacy.
Benue State, located in North-Central Nigeria, is predominantly agrarian, with a large proportion of its population engaged in farming activities. The nature of farming work often involves physical strain, open injuries, and migration conditions that increase susceptibility to infectious diseases. Several reports have indicated a rising trend in HIV, TB, and VHP in the region, raising public health concerns (Federal Ministry of Health, 2022). However, understanding the temporal dynamics and interrelationships of these infections among farmers is still inadequate due to limited research that combines epidemiological data with advanced time series modeling techniques.
Mathematical and statistical models play a crucial role in disease surveillance and forecasting. Among these, count data models such as the Poisson Autoregressive (PAR) model have gained prominence for modeling discrete-valued time series, particularly in epidemiology (Fokianos and Fried, 2010). The PAR model is particularly suitable for evaluating temporal dependence in count data, allowing for the assessment of how past infection rates influence current levels. Such models help public health stakeholders anticipate future outbreaks and allocate resources more effectively.
More recently, the Poisson Exponential Weighted Moving Average (PEWMA) model has emerged as a robust tool in the monitoring of count-based surveillance data. It combines the strengths of time series smoothing with count-based probability distributions, making it particularly useful in detecting subtle trends and co-movements in infectious disease data (Jung et al., 2005). These models are particularly relevant when data exhibit over-dispersion and non-Gaussian properties; common features in real-world infectious disease data. When applied together, PAR and PEWMA offer a comprehensive analytical framework for understanding disease dynamics.
Despite the availability of surveillance data from health agencies in Benue State, few studies have utilized these advanced statistical models to track infectious disease patterns among the farming population. Most studies rely on descriptive statistics or classical regression models that fail to account for time-dependence and non-normality in data. As such, there is a critical need to bridge this gap by applying rigorous, model-based approaches that can improve the quality of inference, monitoring, and intervention planning.
This study, therefore, seeks to utilize both Poisson Autoregressive and Poisson Exponential Weighted Moving Average models to model the monthly prevalence rates of HIV, TB, and VHP among farmers in Benue State. The findings are expected to contribute to better disease monitoring frameworks and provide policymakers with evidence-based tools for controlling the spread of these infections. Furthermore, the research will serve as a valuable reference for future studies seeking to apply similar methodologies in rural health epidemiology.

There is a growing body of research on TB-HIV co-infection and other infectious diseases in Nigeria and across sub-Saharan Africa. For example, Chukwuocha et al. (2024) studied common TB-HIV co-infection in South Eastern Nigeria and how well patients were responding to treatment. Looking back at patient records from 2018 to 2020, they used descriptive statistics to explore patient characteristics and treatment outcomes. The results showed a high co-infection rate and revealed some serious challenges in treatment success. The study recommended the need for integrated TB and HIV treatment programmes to improve patient outcomes, strengthen collaborative TB/HIV activities and enhance patient management strategies. ​ Similarly, Eze et al. (2024) examined what drives TB-HIV co-infection in Enugu State, Nigeria. They analyzed five years of data (2018-2022) from a major health facility using chi-square tests and logistic regression. They found a 29% co-infection rate, with traders and students at particularly high risk. Occupation and place of residence stood out as significant factors. The study recommended that targeted interventions for high-risk occupational groups were necessary to curb the spread of co-infections.​

Adebayo et al. (2024) took a different angle, using the UNAIDS Incidence Patterns Model (IPM) to explore new HIV infections in Lagos State. Drawing on multiple national datasets including NDHS 2018 and IBBSS 2020, they used the model to track which groups and age ranges were most affected. The results offered detailed insights into how HIV spreads and emphasized the value of data-driven planning. The study concluded that public health interventions should be guided by model outputs for maximum impact. In Minna, Niger State, Umunn and Olanrewaju (2020) developed a forecasting model for monthly HIV cases. Using ARMA and ARIMA models, they identified ARIMA (1,0,1) × SARIMA (1,0,1)₁₂ as the best fit for predicting future trends. Their study highlighted how forecasting tools can support better planning and allocation of health resources.
​ Going beyond Nigeria, Otiende et al. (2019) looked at TB-HIV co-infection in Kenya, analyzing case data from 2012 to 2018. Using advanced Poisson regression with Integrated Nested Laplace Approximations (INLA), they mapped geographical hotspots and trends over time. Their findings showed the power of spatial analysis for guiding region-specific public health strategies. Ebeigbe et al. (2020) introduced a Poisson Kalman filter to improve disease tracking, applying it to neonatal sepsis and post-infectious hydrocephalus data in Africa. Their innovation allowed for real-time monitoring of disease patterns, even when the data were sparse or nonlinear. They recommended adopting such advanced tools to boost the accuracy of disease surveillance.
Xi et al. (2021) focused on the flow of HIV infections in sub-Saharan Africa using deep-sequenced genetic data from Rakai, Uganda. By integrating molecular data with epidemiological information, they uncovered transmission networks and pinpointed individuals and regions driving the epidemic. They stressed the importance of using molecular data to design targeted interventions in high-transmission zones. In Uganda, Kiggundu et al. (2021) analyzed national data from 2016-2020 to understand how TB and HIV interact in adults. Using Poisson regression and Cox models, they found that HIV-positive TB patients faced double the risk of death, although antiretroviral therapy (ART) significantly improved survival. The study recommends that integrated screening and early initiation of treatment for both TB and HIV should be prioritized. 
Switching gears to hepatitis, Adigwe et al. (2020) ) assessed community knowledge and practices regarding hepatitis B virus (HBV) in rural Benue State. Their interviews revealed that only 28% had sufficient knowledge, and vaccination rates were alarmingly low. The authors called for intensified education and vaccination drives in rural areas. In a related study, Bello et al. (2022) evaluated various models to track infectious disease trends in Nigeria and Ghana, including ARIMA, PEWMA, and Poisson autoregressive models. PEWMA came out on top for its robustness and accuracy. They recommended integrating such models into regional early warning systems. Li et al. (2022) also explored predictive models, comparing PEWMA and traditional EWMA in detecting outbreaks like HIV and influenza. They found PEWMA was better at early detection, especially in low-incidence settings-an important edge for resource-limited regions.
Looking at long-term TB trends, Musa et al. (2019) studied data from North-Central Nigeria spanning from 2000-2017. Their seasonal ARIMA and Poisson models showed TB cases peaked during the dry season, suggesting that environmental factors may play a role. The study recommended seasonal planning of TB interventions. In Southeastern Nigeria, Nwoke et al. (2020) looked at co-infection rates between HIV and hepatitis B among 500 patients. They found a 19.4% co-infection rate, with women being more affected. The study recommended routine HBV screening and vaccination for people living with HIV.
Agbede et al. (2023) used time series models to analyze hepatitis C in Nigeria’s Middle Belt, based on data from 2010 to 2022. Their results showed a steady rise in cases, with spikes possibly tied to social events and health outreach gaps. They emphasized the need for more proactive rural health campaigns. In Benue State, Onwuliri et al. (2021) mapped HIV cases using GIS and found clusters in Makurdi, Gboko, and Otukpo-all farming areas. They suggested that directing resources to these hotspots could make interventions more efficient and impactful. Finally, Adenomon and Fagbemi (2019) reviewed trends in HIV, TB, and hepatitis in Plateau State using data from 2003 to 2018. Their PEWMA model revealed declining trends in TB and HIV, but a concerning 46% annual rise in hepatitis. The study emphasized the strong interplay between these diseases and recommended intensifying TB control as a strategy to tackle all three conditions.
The above review highlights a wide range of studies focused on TB, HIV, hepatitis, and related infectious diseases in Nigeria and sub-Saharan Africa, revealing high rates of co-infection, especially between TB and HIV, and the challenges of managing these conditions. The findings emphasize the need for integrated treatment approaches, targeted interventions for high-risk groups like traders, students, and rural dwellers, and improved community awareness-particularly around hepatitis and vaccination. Several studies also showcase the growing use of predictive models, spatial analysis, and molecular tools to monitor disease trends, forecast outbreaks, and guide public health responses. Together, the evidence points to the urgent need for data-driven planning, region-specific strategies, and strengthened health systems to reduce disease burden and improve patient outcomes.

2. material and methods 
2.1 Data Source
The data used in this work comprised monthly time series secondary data on the serologically confirmed cases of HIV, Tuberculosis (TB) and Viral hepatitis infections in Benue state. The data spanned from January, 2010 to December, 2022 and was obtained from Benue State Epidemiological Unit, Makurdi. 
2.2 Methods of Data Analysis
The following statistical tools have been employed for analysis of data in this work.
2.2.1 Model Specification 
The following models are employed and specified for data analysis in this work:
2.2.2 Poisson Autoregressive (PAR) Model
The Poisson autoregressive (PAR) model is a time series model designed to handle count data where the observations are influenced by previous time periods. It extends the concept of auto-regression to contexts where the response variable follows a Poisson distribution, typically representing counts of events occurring over time.
A simple form of a Poisson autoregressive model with a lag-1 structure can be written as:

where  is the count variable at time  and  is the expected value or rate of the Poisson distribution, representing the average number of events occurring at time  The expected value,  is modeled as:

where
 is the intercept term.
 is the autoregressive coefficient, representing the influence of the previous count  on the current count.
represents a linear combination of covariates at time  where  is a vector of covariates andis a corresponding vector of coefficients.
The above formulation can be extended to include multiple autoregressive lags and additional covariates. Considering multiple past observations, we can extend the model to include additional lags as follows:

where  is the count variable at time ,  is the expected value of ,  is the intercept,  are the autoregressive coefficients for the lagged counts  respectively,  is a vector of additional covariates at time  and  is a vector of corresponding coefficients for the covariates.
The autoregressive structure of the model is given as:

The autoregressive terms capture the influence of past counts on the current count, while  represents additional covariates that may affect the count process.
Estimation of the parameters () is typically done using maximum likelihood estimation (MLE) methods.


2.2.3 The likelihood function 
Given that the observed counts are assumed to follow a Poisson distribution, the probability of observing  given the expected value  is:

The joint likelihood for a series of observations  is the product of individual likelihoods:

where  are the parameters to be estimated.
It is often easier to work with the log-likelihood, which transforms products into sums. The log-likelihood for the PAR model is:

where .
To find the MLE estimates, maximize the log-likelihood function with respect to the parameters . This typically requires numerical optimization techniques since the log-likelihood function can be complex and nonlinear.

2.2.4 PAR Model diagnostic checks
When evaluating models like the Poisson autoregressive (PAR) model, metrics such as Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), and deviance are commonly used. These metrics help assess the goodness-of-fit, penalizing models for excessive complexity to avoid over-fitting.

2.2.5 Akaike information criterion (AIC)
The AIC provides a measure of a model’s relative quality, balancing goodness-of-fit and complexity. It is calculated as follows:

 is the maximum log-likelihood of the model,  is the number of estimated parameters in the model. A lower AIC indicates a better model. The term  penalizes models with more parameters to avoid over-fitting.
2.2.6 Bayesian information criterion (BIC)
The BIC is similar to the AIC but includes a stronger penalty for the number of parameters, accounting for the number of data points . The BIC formula is:

 represents the number of observations in the dataset.
As with the AIC, a lower BIC indicates a better-fitting model. Since it penalizes models with more parameters more heavily than the AIC, the BIC generally prefers simpler models.
2.2.7 Deviance statistic
Deviance is a measure of the goodness-of-fit for models that assumes a probability distribution (like Poisson). It represents the difference in fit between a given model and the saturated model (the “best” possible model that perfectly fits the data). For a Poisson autoregressive model, deviance is calculated as: 

where  is the observed count at time ,  is the predicted value from the model,  represents the total number of observations.
Lower deviance indicates a better fit, as it means the model’s predictions are closer to the observed values. Deviance is also used in hypothesis tests (like the deviance chi-square test) to compare models.
2.2.8 Poisson Exponential Weighted Moving Average (PEWMA) Model
The Poisson Exponential Weighted Moving Average (PEWMA) model is a time-series model that applies exponential smoothing to count data. It incorporates the concept of exponentially weighted moving averages to capture trends and patterns in the count process. The general form of a Poisson Exponential Weighted Moving Average model is as follows:


where  is the count variable at time ,  is the expected value of , represents the log of exponential weighted moving average of past count up to time ,  is the smoothing parameter, with ,  is a vector of additional covariates at time  and  is a vector of corresponding coefficients for the covariates.
The exponential weighted moving average is given by: 

The exponentially weighted moving average  is a weighted average of past counts, with higher weights assigned to more recent observations.
The autoregressive structure with covariates is given as:

Estimation of the parameters () is typically done using maximum likelihood estimation (MLE) methods. The smoothing parameter  controls the degree of smoothing, with higher values giving more weight to recent observations.
2.2.9 McFadden’s Pseudo R2
McFadden’s Pseudo R² is a measure of model fit analogous to R2 in linear regression. It compares the log-likelihood of the fitted model to that of the null model (intercept-only model). It is expressed by the following formula:

where  is the log-likelihood of the fitted (full) model and  is the log-likelihood of the null model.
In the Poisson regression framework (and generally for any generalized linear model), the null model is the model that includes only the intercept (constant term); it does not include any predictors (like HIV, TB, or VHP in this case).
For instance, modeling TB as a function of HIV and VHP, the model is:

Then the null model for comparison would be:

i.e., the expected count of TB cases is constant over time and does not vary with HIV or VHP. The closer McFadden’s R² is to 1, the better the model fits. Values around 0.2 to 0.4 are considered acceptable for Poisson and logistic models (McFadden, 1974).


3. results and discussion

4.1 Descriptive Statistics and Normality Measures
The descriptive statistics and normality measures are computed and reported in Table 1.
The descriptive statistics presented in Table 1 reveal that the monthly averages of HIV, TB, and VHP are all positive, indicating an increase in infection cases for these diseases during the reviewed period. The high standard deviations suggest significant dispersion from the monthly average infection cases for the diseases over the investigation period. The considerable gaps between the maximum and minimum values further support the high variability of the diseases in the study area during the specified period.
Positive skewness coefficients for all infections indicate that their distributions among the population in Benue State are substantially positively skewed. Kurtosis, which measures the thickness of the distribution tail and is approximately 3 for a normal distribution, is below 3 for all study variables in this research. The skewness and kurtosis coefficients indicate that the infection cases do not follow normal distributions. Additionally, the Anderson-Darling test rejects the null hypothesis of normality at a 5% significance level, as the p-values for the test statistics of all variables are less than .
Table 1: Summary Statistics and Anderson-Darling Normality Test
	Variable 
	HIV
	TB
	VHP

	Mean
	1022.9
	371.6
	1109.9

	Standard deviation 
	382.6
	183.0
	382.6

	Maximum 
	2149
	894.0
	2236

	Minimum 
	176
	111
	263

	Skewness 
	0.1003
	0.8494
	0.1003

	Kurtosis 
	0.6378
	0.4396
	0.6378

	AD 
	2.38
	2.14
	2.38

	p-value 
	
	
	

	Number of observations 
	156
	156
	156


3.2 Graphical Examination of the Series
The first step in analyzing time series data is to plot the original series in level against time and observe its graphical properties. This help in understanding the trend as well as pattern of movement of the original series. Here the original series (monthly infection cases of HIV, TB and VHP infections) has been plotted as a function of time. The time plots of the HIV, TB and VHP original series are presented in Figures 1, 2 and 3. 
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Figure 1: Time Plot of HIV Infection in Benue State from 2010-2022
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Figure 2: Time Plot of TB Infection in Benue State from 2010-2022
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Figure 3: Time Plot of VHP Infection in Benue State from 2010-2022

[bookmark: _GoBack]The time plots in Figures 1, 2 and 3 illustrate the monthly values for HIV, TB, and VHP infections from January 2010 to January 2022. Each disease shows an initial steady increase until around 2012, with HIV and VHP rising to approximately 1,000 infection cases, and TB to around 300 cases. From 2012 to 2017, all the three diseases exhibit considerable fluctuations but continue an overall upward trend: HIV and VHP values reach about 1,500 cases, and TB reaches around 600 cases. In 2017-2018, HIV and VHP peak significantly above 2,000 cases, while TB peaks at about 900 cases. Post-2018, all the three diseases show a sharp decline followed by continued variability. From 2019 onwards, values for all the diseases stabilize with less extreme fluctuations, indicating a slight downward trend: HIV and VHP average between 1,000 and 1,500 cases, while TB fluctuates around 300 to 400 cases.
3.3 Bar Graphs of the Annual Infection Cases 
We also consider the bar graphs of each of the infection cases to observe how the infections are distributed across the years annually.  The bar graphs for HIV, TB and VHP annual infections are presented in Figures 4, 5 and 6 respectively.



Figure 4: Bar Chart of Annual Cases of HIV in Benue State from 2010-2022



Figure 5:  Bar Chart of Annual Cases of Tuberculosis in Benue State from 2010-2022

Figure 6: Bar Chart of Annual Cases of Viral Hepatitis in Benue State from 2010-2022
The results of Figures 4, 5 and 6 show the annual distribution of HIV, TB and Viral Hepatitis infection cases in Benue State from 2010 to 2022. The highest cases of HIV and Viral Hepatitis infections are recorded in 2019 while the lowest cases of HIV and Viral Hepatitis infection are recorded in 2010. The highest cases of TB infection are recorded in 2018 and 2017 while the lowest cases of TB infection are recorded in 2010. All the three infections have their peak period between 2017 and 2019 and their lowest occurrence in 2010. This suggests a common relationship among the three infections.
3.4 Parameter Estimation of PAR (1) Models
Parameter estimates of PAR (1) models for HIV, TB and VHP infection rates are computed and presented in Tables 2, 3 and 4 respectively.
Table 2: Parameter Estimate of PAR (1) Model for HIV Infection Rate
	Variable 
	Coefficient 
	Std. error 
	t-statistic 
	P>|t|

	 Constant 
	0.2507
	0.097
	2.585
	0.012

	
	0.7362
	0.046
	16.004
	0.000

	
	0.0225
	0.005
	4.500
	0.000

	
	0.1046
	0.024
	4.358
	0.000

	R-Squared 
	0.833
	
	AIC
	228.6

	Adj. R-Squared 
	0.827
	
	BIC
	237.7

	F-Statistic 
	211.5
	
	Durbin-Watson
	1.834

	Prob (F-statistic)
	6.40e-32
	
	Jarque-Bera (JB)
	16.355

	Log-Likelihood
	-110.54
	
	Prob (JB)
	0.000284

	Omnibus
	12.582
	
	Skew
	-0.645

	Prob (Omnibus)
	0.003
	
	Kurtosis
	4.342



Table 3: Parameter Estimate of PAR (1) Model for TB Infection Rate
	Variable 
	Coefficient 
	Std. error 
	t-statistic 
	P>|t|

	 Constant 
	0.1783
	0.107
	1.666
	0.077

	
	0.7036
	0.048
	14.658
	0.000

	
	0.0122
	0.004
	3.050
	0.002

	
	0.1247
	0.024
	5.196
	0.000

	R-Squared 
	0.794
	
	AIC
	237.4

	Adj. R-Squared 
	0.788
	
	BIC
	246.5

	F-Statistic 
	181.4
	
	Durbin-Watson
	1.882

	Prob (F-statistic)
	1.26e-28
	
	Jarque-Bera (JB)
	10.779

	Log-Likelihood
	-116.33
	
	Prob (JB)
	0.00446

	Omnibus
	8.745
	
	Skew
	-0.568

	Prob (Omnibus)
	0.012
	
	Kurtosis
	4.172



Table 4: Parameter Estimate of PAR(1) Model for VHP Infection Rate
	Variable 
	Coefficient 
	Std. error 
	t-statistic 
	P>|t|

	 Constant 
	0.2197
	0.103
	2.133
	0.032

	
	0.6718
	0.049
	13.710
	0.000

	
	0.1208
	0.005
	24.160
	0.000

	
	0.0984
	0.023
	4.278
	0.000

	R-Squared 
	0.820
	
	AIC
	232.7

	Adj. R-Squared 
	0.808
	
	BIC
	242.3

	F-Statistic 
	197.4
	
	Durbin-Watson
	1.912

	Prob (F-statistic)
	3.77e-30
	
	Jarque-Bera (JB)
	11.864

	Log-Likelihood
	-113.58
	
	Prob (JB)
	0.00257

	Omnibus
	9.346
	
	Skew
	-0.589

	Prob (Omnibus)
	0.011
	
	Kurtosis
	4.257


From the results of the parameter estimates of PAR(1) models for HIV, TB and VHP infection rates reported in Tables 2, 3 and 4, the intercepts of the models are the base levels of the HIV, TB and VHP infection rates when both the lagged infection rates () and time components () are zero. It represents the constant parts of the infection rates that are not influenced by past infection rates or time trends. The baseline infection rates are 0.2507, 0.1783 and 0.2197 for HIV, TB and VHP, respectively when the lagged infection rates and times are zero. These values are positive and statistically significant and represent the starting levels of the infections without considering past infections or the passage of time.
The lagged HIV, TB and VHP infection rates coefficients are 0.7362, 0.7036 and 0.6718 respectively. These parameters are positive and statistically significant at 1% marginal significance levels and indicate the influence of the previous period’s HIV, TB and VHP infection rates () on the current period’s infection rates (). The coefficients of 0.7362, 0.7036 and 0.6718 for the respective infection rates suggest strong positive relationships, meaning that if the infection rates in the previous periods increase by one unit each, the current infection rates will increase by approximately 0.7362, 0.7036 and 0.6718 units respectively for HIV, TB and VHP while holding other factors constant. This shows persistence in the infection rates, where high rates tend to continue. Strong persistence effects in HIV, TB and VHP infections is indicated, where an increase in the previous period’s infection rates lead to substantial increases in the current period’s rates. This highlights the importance of addressing past infection levels to control current and future infection rates.
Time component coefficients for HIV, TB and VHP are 0.0225, 0.0122 and 0.1208 respectively and statistically significant at the 1% significance levels. These coefficients represent the influence of time on the HIV, TB and VHP infection rates. The values indicate positive trends over time, meaning that for each additional time period (i.e., each month), and the infection rates increase by 0.0225, 0.0122 and 0.1208 units for HIV, TB and VHP respectively while holding other factors constant. These captured the general trends in the infection rates due to factors not explicitly modeled, such as changes in population behaviour, healthcare policies, or epidemic progression.
These findings indicate positive time trends in the HIV, TB and VHP infection rates, suggesting that infections are increasing over time. This could be due to various factors such as changes in disease transmission dynamics, effectiveness of interventions, or changes in population behaviour.
The Error variances for HIV, TB and VHP infection rates are ,  and  respectively with marginal statically significance at 1% levels. These represent the variances of the error terms , which captured the variability in the infection rates that are not explained by the models. The respective values of 0.1046, 0.1247 and 0.0984 indicate the extent of this unexplained variability. The relatively low values suggest that the models explained significant portions of the variability in the infection rates, although some random fluctuations still remained.
The models captured most of the variability in the HIV, TB and VHP infection rates, but there are still some random variability not explained by the models. These could be due to random fluctuations, measurement errors, or other unobserved factors.

3.5 Practical Implications of the PAR Models
The strong persistence effects imply that efforts to reduce HIV, TB and VHP infection rates need to be sustained over time. Short-term reductions may not be sufficient due to the high influence of past infection rates on current rates. The positive time trend suggests that monitoring the infection rates over time is crucial. Public health strategies need to account for this increasing trend and aim to reverse it.
3.6 Goodness-of-Fit Test
The coefficient of determinations for HIV, TB and VHP infection rates models are 0.833, 0.788 and 0.808 respectively indicating that the models explained 83.3%, 78.8% and 80.8% of the variances in the HIV, TB and VHP data. The high percentages of explained variations indicate that the models fit the data well. The Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) are also measures of model fit, with lower values indicating better fit for all the fitted models.
3.7 PAR Models Diagnosis 
The Omnibus test checks for skewness and kurtosis of residuals. A significant p-value suggests non-normality of residuals. All the p-values of the Omnibus test for the fitted models are statistically significant at 5% levels of significance indicating that the residuals of the fitted models are non-Gaussian. The Durbin-Watson statistic is a test for autocorrelation in residuals. A value close to 2 indicates no autocorrelation in the residuals. Durbin-Watson statistic values for the HIV, TB and VHP infection rates models are 1.834, 1.882 and 1.912 respectively, which are very close to 2 indicating the absence of serial correlations/autocorrelations in the residuals of the estimated models. These also show that the estimated models are non-spurious. The Jarque-Bera statistic is a test for normality of residuals. A significant p-value suggests non-normality. From all the estimated models, the Jarque-Bera statistic p-values are highly statistically significance at the 5% levels, indicating the non-Gaussianity of residuals.

3.8 Parameter Estimates of Poisson Exponential Weighted Moving Average (PEWMA) Models
 The Poisson Exponential Weighted Moving Average (PEWMA) model is used to analyze the dynamics of HIV, tuberculosis (TB), and viral hepatitis (VHP) by modeling their infection rates as count data over time. It captures the interdependencies between these diseases, where increases in one infection (e.g., HIV) can influence the incidence of another (e.g., TB), reflecting common co-infection patterns. The model also incorporates the effect of time, accounting for trends in infection rates due to factors like changes in detection, behaviour, or interventions. By estimating the relationships between these infections, the PEWMA model provides deep understanding of their evolving patterns, helping public health efforts to design more targeted and effective interventions. The parameter estimates of PEWMA models are presented in Table 5. 
Table 5: Parameter Estimates of PEWMA Models
	Variable 
	Coefficient 
	Std. Error
	z-value
	p-value
	95% confidence interval 

	
	
	
	
	
	Lower 
	Upper 

	TB as a function of HIV and VHP

	Intercept 
	135.122
	23.988
	5.632
	<0.001
	88.106
	182.137

	HIV
	0.014
	0.005
	2.800
	0.005
	0.004
	0.024

	VHP
	0.008
	0.004
	2.000
	0.045
	0.0001
	0.016

	Time
	0.382
	0.064
	5.969
	<0.001
	0.256
	0.508

	Deviance/df
	1.14
	Pseudo R² (McFadden)
	0.41
	
	

	HIV as a function of TB and VHP

	Intercept 
	142.983
	30.201
	4.735
	<0.001
	83.790
	202.175

	HIV
	0.765
	0.174
	4.397
	<0.001
	0.424
	1.107

	VHP
	0.022
	0.008
	2.750
	0.006
	0.006
	0.038

	Time
	1.127
	0.089
	12.659
	<0.001
	0.953
	1.301

	Deviance/df
	1.06
	Pseudo R² (McFadden)
	0.57
	
	

	VHP as a function of HIV and TB

	Intercept 
	252.111
	33.184
	7.598
	<0.001
	187.072
	317.149

	HIV
	0.663
	0.093
	7.129
	<0.001
	0.481
	0.845

	VHP
	0.198
	0.066
	3.000
	0.003
	0.069
	0.327

	Time
	1.854
	0.097
	19.103
	<0.001
	1.664
	2.044

	Deviance/df
	1.09
	Pseudo R² (McFadden)
	0.63
	
	


The PEWMA model reported in upper panel of Table 5 which examines tuberculosis (TB) as a function of HIV, viral hepatitis (VHP), and Time reveals that all predictors significantly contribute to explaining variations in TB incidence. The coefficient for HIV (0.014, p = 0.005) indicates that a one-unit increase in HIV cases is associated with a 1.4% increase in expected TB cases (exp(0.014)≈1.014), holding other factors constant. This finding supports the well-established co-infection dynamics between HIV and TB, where HIV-induced immunosuppression increases susceptibility to TB disease. Similarly, the coefficient for VHP (0.008, p = 0.045) suggests that each additional viral hepatitis case is associated with a 0.8% increase in expected TB cases (exp(0.008)≈1.008). This relationship may reflect shared social and biomedical determinants, such as injection drug use, liver compromise, or healthcare access issues that can affect both conditions, rather than a direct causal link.
The Time variable exerts the most substantial effect on TB, with a coefficient of 0.382 (p < 0.001), indicating a 46.5% increase in TB incidence per unit time (exp(0.382)≈1.465), independent of HIV and VHP. This trend underscores a sustained rise in TB burden over the study period, which could reflect changes in detection practices, population mobility, or deteriorating living conditions. 
The PEWMA model presented in middle panel of Table 6 estimates HIV incidence as a function of TB, Viral Hepatitis (VHP), and Time, with all predictors found to be statistically significant at the 5% level. The coefficient for TB is 0.765 (p < 0.001), indicating that for every one-unit increase in TB cases, the expected number of HIV cases increases by approximately 114.9% (exp(0.765)≈2.149), holding other variables constant. This strong relationship underscores the well-documented syndemic between HIV and TB, where co-infection is common due to immune suppression in HIV-positive individuals and shared socio-structural risk factors such as poverty, overcrowding, and limited access to healthcare. The model also reveals a positive association between viral hepatitis and HIV, with a coefficient of 0.022 (p = 0.006), meaning each unit increase in VHP is associated with a 2.2% increase in expected HIV cases (exp(0.022)≈1.022). This may reflect shared transmission pathways such as unsafe injections, sexual contact, or blood exposure highlighting the need for integrated surveillance and prevention strategies. 
The Time variable exhibits the most pronounced effect, with a coefficient of 1.127 (p < 0.001), implying that HIV incidence rises by approximately 208.6% per unit time (exp(1.127)≈3.086), independent of TB and VHP. This suggests a substantial upward trend in HIV burden over the study period, possibly driven by changing sexual behaviours, increased urbanization, or improved case detection through expanded testing efforts. 
The PEWMA model in lower panel of Table 6 estimates Viral Hepatitis (VHP) as a function of HIV, TB, and Time, with all predictors showing statistical significance at the 5% level. The coefficient for HIV is 0.663 (p < 0.001), indicating that a one-unit increase in HIV cases is associated with a 94.1% increase in expected VHP cases (exp(0.663)≈1.941), assuming other variables remain constant. This substantial effect suggests a close epidemiological link between HIV and viral hepatitis, possibly due to shared transmission routes such as unsafe injections, blood transfusions, or unprotected sex. Similarly, the coefficient for TB is 0.198 (p = 0.003), meaning that a one-unit increase in TB cases corresponds to a 21.9% increase in expected VHP cases (exp(0.198)≈1.219). This association may reflect overlapping risk factors or co-infection patterns, especially among vulnerable populations such as people who inject drugs or those with compromised immunity.
The Time variable has the highest coefficient at 1.854 (p < 0.001), suggesting that VHP cases increase by approximately 536.9% per unit time (exp(1.854)≈6.369), independently of HIV and TB. This sharp upward trend may reflect increased surveillance, improved diagnostic capacity, or a rising burden of viral hepatitis due to socio-behavioural and environmental dynamics. 
Taken together, these models underscore a synergistic and time-sensitive relationship among HIV, TB, and viral hepatitis, where increases in one condition are significantly associated with rises in the others. The strong influence of time across all models points to a growing burden and/or enhanced detection of these diseases over the years. These findings support the need for integrated surveillance, co-management, and prevention strategies targeting all three infections, with a special focus on strengthening temporal tracking, early detection, and health system responsiveness.
From a model diagnostics perspective, the deviance/df ratios of 1.14, 1.06 and 1.09 for the three models respectively suggest minimal over-dispersions and good fits, while the McFadden Pseudo R² of 0.41, 0.57 and 0.63 for the three respective models indicate strong explanatory powers, which are notable for time series count data. In sum, the findings highlight the intertwined epidemiological pathways among HIV, viral hepatitis, and TB, with time capturing a significant upward trajectory. These insights stress the importance of integrated disease surveillance and targeted public health interventions to curb HIV, VHP and TB transmission in the context of overlapping infections.

4. Conclusion
This study investigated the prevalence and dynamics of three major infectious diseases: Human Immunodeficiency Virus (HIV), Tuberculosis (TB), and Viral Hepatitis (VHP) among farmers in Benue State, Nigeria, using Poisson Autoregressive (PAR(1)) and Poisson Exponential Weighted Moving Average (PEWMA) models. The analysis utilized monthly secondary data from January 2010 to December 2022 on serologically confirmed infection cases. Through the application of summary statistics, time plots, bar graphs, and advanced time series models, the study revealed a consistent upward trend in infection rates across the three diseases. Notably, all three infections showed peak occurrences between 2017 and 2019, with the lowest rates recorded in 2010, suggesting possible shared temporal dynamics or interconnected epidemiological drivers.
The PAR(1) model results showed strong autoregressive properties in the infection data, indicating that past infection rates significantly influenced current trends. The estimated monthly increases in infection rates were 2.25% for HIV, 1.22% for TB, and 12.08% for VHP, with coefficients of determination suggesting excellent model fit, 83.3% for HIV, 78.8% for TB, and 80.8% for VHP. Similarly, the PEWMA model provided more understanding of co-infection dynamics, particularly the associations between HIV and TB, and between VHP and both HIV and TB. These findings underscore the complex, interconnected nature of infectious disease transmission among rural populations, especially within high-risk groups such as farmers who may experience barriers to health services, health education, and early detection.
Overall, the study concludes that the increasing trends of HIV, TB, and VHP infections among farmers in Benue State necessitate targeted public health interventions and sustained surveillance. The non-normality of the infection data also points to the need for more robust modeling approaches in disease surveillance systems. Finally, the results advocate for integrated, multi-disease control strategies, with special emphasis on co-infection management and the importance of longitudinal data analysis for policy formulation and implementation.
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