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ABSTRACT

	Infectious diseases have become a global health challenge which threatens food production and agricultural activities leading to food insecurity and food poverty worldwide. The aim of this study is to empirically examine cointegration and causality inferences of the impact of infectious diseases on the population of people in food poverty in Benue State of Nigeria. The study employed annual secondary time series data from 1991-2022 on the population of people in food poverty as dependent variable and the number of persons infected with infectious diseases like HIV, tuberculosis, hepatitis B virus (HBV), malaria fever and typhoid fever as independent variables. The study employed Augmented Dickey-Fuller (ADF) unit root test, Johansen cointegration test, cointegrating regression analysis, vector error correction model (VECM) and Granger causality test as methods of investigation. The results show that all the study variables become stationary after first differencing. The study found a long-run stable equilibrium relationship among the study variables, implying that the variables share a common stochastic trend and is likely to move together over time without drifting apart. The cointegrating regression analysis reveals that infectious diseases have positive and significant impacts on the population of people in food poverty in Benue State. The findings of this study showed that HIV, tuberculosis, hepatitis B virus, malaria fever and typhoid fever increase the number of people suffering from food poverty in Benue State of Nigeria. The vector error correction model produced a high speed of adjustment of 99.99% towards achieving a long-run equilibrium state annually. The Granger causality tests indicate that all the infectious diseases studied significantly influence food poverty in Benue State. HIV was also found to Granger caused TB and hepatitis B virus (HBV) in Benue state. Feedback causality existed between malaria fever and typhoid fever in the study area. To combat infectious diseases and food insecurity, it is recommended that governments should strengthen disease prevention, integrate health and agricultural policies, improve rural healthcare, implement targeted food security programmes, and establish community-based disease surveillance systems for early outbreak response.
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1. INTRODUCTION
The relationship between infectious diseases and food poverty is a critical issue in public health, particularly in regions where both conditions are prevalent. Infectious diseases such as Human Immunodeficiency Virus (HIV), tuberculosis, hepatitis B, malaria, and typhoid disproportionately affect low-income populations, who often lack access to adequate healthcare and nutritious food. Studies indicate that these infectious diseases not only directly impact health outcomes but also exacerbate food insecurity by diminishing the productivity of affected individuals and increasing household medical expenses [1, 2]. In Sub-Saharan Africa, including Nigeria, food insecurity and infectious diseases create a vicious cycle; diseases reduce physical capacity and economic productivity, leading to decreased agricultural output and further food scarcity [3, 4].
Benue State, known as the “Food Basket” of Nigeria due to its agricultural contributions, is paradoxically impacted by high rates of food poverty, with a substantial portion of its population affected by infectious diseases [5]. Food poverty in this context refers to the lack of consistent access to adequate food necessary for a healthy life, often compounded by the presence of disease burdens that weaken individuals’ capacity to work and sustain livelihoods [6]. Research has shown that the interaction between infectious diseases and food insecurity can create multi-generational impacts, reducing life expectancy, productivity, and overall economic resilience [7, 8]. The infectious diseases: Human Immunodeficiency Virus (HIV), tuberculosis, hepatitis B, malaria, and typhoid were selected for this study due to their prevalence in the study area.
This study employs co-integration, vector correction model and causality analysis to explore the interplay between infectious diseases and food poverty in Benue State, aiming to identify long-term and causal relationships between disease prevalence and food security outcomes. By examining diseases with high public health impacts, such as HIV, tuberculosis, hepatitis B, malaria, and typhoid, this research seeks to contribute to a deeper understanding of how infectious disease prevalence may drive food poverty in vulnerable populations [9, 10]. Through this analysis, the study hopes to inform targeted interventions that address health and food security needs, offering insights for integrated policies to alleviate the cyclical relationship between disease and poverty in the region.

The aim of this study is to examine the co-integration and causal relationship between infectious diseases and food poverty among farmers in Benue State. Specific objectives are to: (i) establish a long-run stable equilibrium relationship between infectious diseases and food poverty in the study area; (ii) estimate the speed of adjustment for correcting disequilibrium in the system among the study variables and (iii) examine the direction of causality between infectious diseases and food poverty in Benue State. The remaining part of the paper is organized as follows: Section 2 deals with empirical review, section 3 dwells on materials and methods while section 4 handles the aspect of results and discussion, section 5 hinges on the concluding part of the paper.

2. LITERATURE REVIEW

Several empirical studies regarding the subject matter are well documented in literature. For examples, [11] examined how food insecurity impacts the nutritional health of women and children, often leading to compromised dietary quality and increased vulnerability to infectious diseases due to poor immune responses. It advocates for targeted support programmes to address the unique nutritional needs of these vulnerable groups. Anema et al. [12] explored the unique challenges faced by people living with HIV/AIDS in African countries. It highlights how food insecurity worsens health outcomes for this group, affecting medication adherence and disease progression. The study calls for integrated support programmes that provide both food and healthcare.
Kuhe et al. [13] analyzed the impact of HIV/AIDS on food poverty in Benue State from 1991 to 2015. Using cointegration and causality tests, they found a significant, long-term effect of HIV/AIDS on food poverty. The error correction model indicated a slow speed of 39.24% annual adjustment towards equilibrium, and Granger causality showed that HIV/AIDS contributes directly to worsening food poverty in the region. Jones [14] focused on the psychological impact of food insecurity, showing that the stress of food scarcity can increase susceptibility to infections by compromising immune responses. It highlights the importance of providing mental health support as part of food assistance programmes.
Weaver and Fasel [15] examined the relationship between chronic diseases and food insecurity, noting that food-insecure households often face worse health outcomes, including a higher prevalence of infectious diseases. Chronic diseases like diabetes and hypertension can be aggravated by food insecurity, which, in turn, affects immune responses and increases susceptibility to infections. Mandalakas and Hesseling [16] explored the connection between tuberculosis and food insecurity, demonstrating that malnutrition in food-insecure households increases susceptibility to tuberculosis. The study emphasizes how food assistance programmes targeting at-risk populations could help improve health outcomes by reducing tuberculosis incidence.
Santis and Labonte [17] emphasized the importance of community-based interventions to improve health outcomes and food security, particularly in rural and low-income settings. Programmes that involve community health workers, local surveillance systems, and preventive care are shown to effectively address infectious diseases and enhance food security by reducing disease incidence. Ben Hassenet al. [18] examined the ways in which COVID-19 has affected global food systems, emphasizing the need for resilient food policies that can withstand such crises and maintain public health. Santis and Labonte [19] examined how aligning agricultural and health policies can improve food security and reduce the prevalence of infectious diseases. It suggests that policies supporting disease-free farming, subsidies for essential agricultural inputs and better sanitation practices in rural areas can enhance food and health security.
Tarasuk and Mitchell [20] conducted meta-analysis reviews of numerous studies on food insecurity and health, finding a strong association between food insecurity and higher rates of infectious diseases. The study suggests that addressing food insecurity could significantly reduce healthcare costs and disease prevalence. Carol [21] investigated how the COVID-19 pandemic has severely impacted global food security by disrupting food access, availability, and stability. The study highlights that lockdowns and other public health measures led to supply chain disruptions, increased food prices, and reduced food accessibility for vulnerable populations. It details specific impacts on different dimensions of food security, identifying accessibility and availability as the most compromised. This review emphasizes the importance of supporting food systems and healthcare infrastructure during pandemics to mitigate these impacts. Haider and Boelee [22] analyzed the coping mechanisms that low-income populations employ during times of food insecurity, focusing on strategies to maintain nutrition and health despite economic hardship. The findings reveal that many households reduce food quality or quantity, affecting nutrition and increasing vulnerability to infectious diseases. The review emphasizes policy interventions that can strengthen food security during crises to improve health resilience.

El Bilali et al. [23] reviewed scholarly literature on the impacts of the COVID-19 pandemic on West African agriculture and food systems, based on 87 eligible documents from 176 records retrieved from the Web of Science in March 2023. The bibliometric analysis highlights declining research interest in this field and reveals a significant research gap in countries like Cabo Verde, Ivory Coast, Gambia, Guinea, Guinea-Bissau, Mauritania, Niger, and Togo. Most studies focus on crop production and food consumption, with an emphasis on food access (economic and physical accessibility), despite the pandemic’s impacts on all four dimensions of food security-availability, access, utilization, and stability and all aspects of agric-food systems (environmental, economic, social, and political). The articles predominantly examine the socio-economic impacts, particularly on food security and health. The study underscores the need for expanded research in this area to inform evidence-based policies and enhance the region's resilience to current and future crises. The COVID-19 pandemic significantly disrupted food security in Africa due to supply chain interruptions and lockdowns, as revealed by a Sasakawa Africa Association study in Ethiopia, Mali, Nigeria, and Uganda. Using cluster sampling, surveys, and SPSS analysis, the study found that outcomes varied by country based on lockdown severity. Extension services were critical to postharvest services, credit availability, and food security, with notable correlations between transportation, labor, price fluctuations, and farming activities. However, postharvest services negatively correlated with extension services. R² values indicated substantial variation in extension service delivery’s impact across countries, averaging 51.1% for combined nations. The study recommends adopting digital solutions to reduce reliance on physical interactions and emphasizes strengthening extension services to enhance resilience in agricultural value chains during crises [24].

3.0 material and methods 
3.1 Source of Data
The data used in this work comprised annual time series secondary data on the number of people suffering from Food Poverty, HIV/AIDS, Tuberculosis (TB), Hepatitis B virus infection (HBV), Malaria fever (MAL) and Typhoid fever (TYP) in Benue state. The data spanned from 1991 to 2022 and was obtained from National Bureau of Statistics Poverty Profile for Nigeria (2005, 2014, and 2019), National Bureau of Statistics, and Annual Abstracts of Statistics (2012, 2015, and 2019) and from Benue State Epidemiological Unit, Makurdi. The estimated population in food poverty is computed from the total population and percentage in food poverty.

3.2 Methods of Data Analysis
The following statistical tools are employed in the analysis of data in this work. All analyses are implemented in E-Views version 10 software.

3.2.1 Augmented Dickey-Fuller (ADF) unit root test

The Augmented Dickey-Fuller (ADF) unit root test is used to check whether the given series contains a unit root or whether the given series is stationary or not [25]. The Augmented Dickey-Fuller (ADF) unit root test is used in research to determine whether a time series is stationary or contains a unit root. Stationarity is essential for meaningful analysis, as it ensures that statistical properties like mean and variance remain constant over time. The test helps avoid spurious regression results, guides model selection (e.g., ARIMA or VAR), and is widely used in economic and financial studies to preprocess variables. By testing the null hypothesis of non-stationarity, the ADF test ensures data suitability for time series models and aids in producing reliable and valid inferences.

The Augmented Dickey-Fuller (ADF) test constructs a parametric correction for higher-order correlation by assuming that the series follows an AR( ) process and adding lagged difference terms of the dependent variable to the right-hand side of the test regression:

where are optional exogenous regressors which may consist of constant, or a constant and trend, and are parameters to be estimated, and the are assumed to be white noise. The null and alternative hypotheses are written as:

and evaluated using the conventional ratio for 

where  is the estimate of  and  is the coefficient standard error. 

3.2.2 Johansen co-integration test
Two or more non-stationary series, I(1), are said to be co-integrated if their linear combination gives a stationary series, I(0). Johansen [10, 26] developed a methodology for testing for co-integration as follows:
Let  denote an () vectorof non-stationary I(1) time series variables. The basic Vector Autoregressive Model of order p, denoted VAR(p) is defined as

where
:is an () vector of intercept
: is  coefficient matrices
 d-vector of deterministic variables
: is an  vector of unobservable error term with zero mean (white noise).
We may rewrite this VAR as:

where

Granger’s representation theorem asserts that if the coefficient matrix  has reduced rank  then there exist  matrices  each with rank  such that  and  is I(0).  is the number of cointegrating relations (the cointegrating rank) and each column of  is the co-integrating vector. Johansen co-integration test computes two statistics: trace statistic and maximum eigenvalue statistic. We only employ both the trace test and maximum eigenvalue test statistics in this study. The trace statistic for the null hypothesis of  cointegrating relations is computed as:

The maximum eigenvalue test statistic is computed as:

where -th largest eigenvalue of the  matrix in (6),  0
3.2.3 Multiple co-integrating regression model specification
To investigate the impact of infectious diseases on the population in food poverty in Benue state, the study employs a multiple linear regression model using ordinary least squares (OLS). The model is specified as follows:

Food poverty (FPOV) is a function of HIV, Tuberculosis (TB), Hepatitis B virus infection (HBV), Malaria fever (MAL) and Typhoid fever (TYP). The functional model then becomes:

where
 number of people suffering from food poverty at time  used here as dependent variable;
 number of people infected with human immunodeficiency virus/Acquired immunodeficiency syndrome at time used as independent variable;
 number of people infected with tuberculosis disease at time  used as independent variable;
 number of people infected with hepatitis B virus infection at time  used as independent variable;
 number of people infected with malaria fever at time  used as independent variable;
 number of people infected with typhoid fever at time  used as independent variable.
is the intercept of the regression model which represents the predictive value of the dependent variable when all the independent variables are kept constant;
 are the partial elasticity or slope coefficients of HIV, TB, HBV, MAL and TYP respectively;
is the error term assumed to be normally and independently distributed with zero mean and constant variance, which captures all other explanatory variables that influence food poverty but are not included in the model.
3.2.4 Vector error correction model (VECM) 
The one lagged period vector error correction model, which integrates short-run dynamics in the long-run relationship given by:

Where   is the error correction term (the residuals that are obtained from the estimated co-integrating model of equation (22)).  is the error term. The symbol  represents the first-differenced form of the variables in the model. The coefficient of the various explanatory variables,are the impact multipliers that measure the immediate impact that a change in the explanatory variable has on a change in the dependent variable.  represents the speed of the adjustment parameter. The value of  must lie between the range and must be statistically significant.

3.2.5 Granger causality test based on modified Wald test

Granger causality test procedure due to YamamotoandJayne [27] has been employed in this work to determine the direction of causality among the study variables. Toda and Yamamoto procedure uses a Modified Wald (MWALD) test for restrictions on the parameters of the VAR (k) model.  The model is specified as follows:






where  is the optimal lag order;  is the maximal order of integration of the series in the system; and  are error terms which are assumed to be white noise. The usual Wald test is then applied to the first  coefficient matrices using the standard -statistics. The test checks the following pairs of hypotheses:  “Granger causes”  if  in equation (11) against  “Granger causes”  if  in equation (12) and vice versa.
4. RESULTS AND DISCUSSION
4.1 Summary Statistics and Normality Measures of the Level Series
To gain a deeper understanding of the distributional characteristics of the variables in this study, we calculated descriptive statistics, including annual mean, maximum and minimum values, standard deviation, and measures of normality such as skewness, kurtosis, and the Jarque-Bera statistic. The results are summarized in Table 1.
The result in Table 1 reveal that the annual mean values for food poverty (FPOV) and the infectious diseases (HIV, TB, HBV, MAL, and TYP) are positive, indicating an upward trend in these variables during the period under study. The relatively high standard deviations suggest significant dispersion around these mean values, reflecting considerable variability over the period of study. The notable differences between the maximum and minimum values further underscore the high variability in these variables.
Regarding skewness, HIV, TB, and HBV have negative skewness coefficients, indicating that their distributions are left-skewed, while FPOV, MAL, and TYP exhibit positive skewness, indicating that their distributions are right-skewed. Kurtosis, which reflects the “tailedness” of a distribution (with a value of approximately 3 for a normal distribution), is less than 3 for all the study variables, suggesting that they have lighter tails compared to a normal distribution.
Table 1:Summary Statistics and Normality Measures of Study Variables
	Variable 
	FPOV
	HIV
	TB
	HBV
	MAL
	TYP

	Mean
	3056034
	4265.69
	3024.44
	2117.06
	125120.9
	12328.78

	Maximum 
	4874357
	8610.00
	4821.00
	3742.00
	134979
	13339.00

	Minimum 
	1304958
	598.000
	495.00
	512.000
	105783
	9979.000

	Std Dev.
	1127959
	1961.66
	1321.32
	877.37
	7378.32
	747.153

	Skewness 
	0.150554
	-0.46006
	-0.68649
	-0.38382
	-0.97498
	-1.58446

	Kurtosis 
	1.6104
	2.86406
	2.20707
	2.29687
	3.43656
	5.13509

	Jarque-Bera
	2.695529
	1.15348
	3.35180
	1.44489
	5.32392
	19.4676

	p-value 
	0.25982
	0.56173
	0.18714
	0.48557
	0.06981
	0.00006

	No. of Obs.
	32
	32
	32
	32
	32
	32


Interestingly, the Jarque-Bera test, which assesses the normality of a distribution, did not reject the null hypothesis of normality at the 5% significance level, as all p-values except for TYP were greater than 0.05. This outcome indicates that the distribution patterns for the population in food poverty and the infectious diseases except TYP in the study area tend to align with a normal distribution, despite the variations in skewness and kurtosis.
4.2 Graphical Examination of Food Poverty Seriesin Benue State
The graphical Examination of food poverty series in Benue state is essential for identifying trends and patterns over time, which can provide insights into the fluctuations of food poverty situation within the population. The time plot of the percentage of the population in food poverty in Benue state is presented in Figure 1.


Figure 1: Time Plot of Percentage of Population in Food Poverty in Benue State
Figure 1 shows a time series plot of the percentage of population in food poverty in Benue state from 1991 to 2022. The values increase steadily from around 50% in 1991, peaking near 75-80% around 2014. After 2014, there is a noticeable drop, with values declining to around 65% by 2017, followed by minor fluctuations, and then stabilizing in the range of 65-75% until 2022. This trend indicates a long-term upward movement from 1991 to 2014, a sudden decline after 2014, followed by a plateau from around 2017 to 2022. This pattern suggests initial growth, a turning point in 2014, and a subsequent period of stability.
4.3 Augmented Dickey-Fuller (ADF) Unit Root Tests 
The Augmented Dickey-Fuller (ADF) unit root test was employed to check for unit roots in the study variables. The test was conducted for two cases: intercept only, and intercept with a linear trend. The results are presented in Table 2.
Table 2:Augmented Dickey-Fuller (ADF) Unit Root Test Results
	Variable 
	Option 
	ADF Test Statistic
	p-value 
	5% Critical Value

	Level Series

	FPOV
	Intercept only
	-2.1462
	0.9265
	-2.9604

	
	Intercept & trend 
	-2.4542
	0.5013
	-3.5629

	HIV
	Intercept only
	-1.3432
	0.1216
	-2.9640

	
	Intercept & trend 
	-2.3312
	0.1805
	-3.5684

	TB
	Intercept only
	-2.1393
	0.2315
	-2.9604

	
	Intercept & trend 
	-2.4787
	0.3355
	-3.5629

	HBV
	Intercept only
	-1.6475
	0.4471
	-2.9604

	
	Intercept & trend 
	-2.2499
	0.1936
	-3.5629

	MAL
	Intercept only
	-2.5409
	0.1163
	-2.9640

	
	Intercept & trend 
	-2.5198
	0.1547
	-3.5629

	TYP
	Intercept only
	-1.7201
	0.1187
	-2.9604

	
	Intercept & trend 
	-2.4629
	0.3642
	-3.5684

	First Difference Series

	DFPOV
	Intercept only
	-5.4542
	0.0001
	-2.9640

	
	Intercept & trend 
	-5.3579
	0.0008
	-3.5684

	DHIV
	Intercept only
	-4.3648
	0.0018
	-2.9678

	
	Intercept & trend 
	-4.4201
	0.0077
	-3.5742

	DTB
	Intercept only
	-4.8684
	0.0005
	-2.9640

	
	Intercept & trend 
	-4.8800
	0.0025
	-3.5684

	DHBV
	Intercept only
	-6.7916
	0.0000
	-2.9640

	
	Intercept & trend 
	-6.7916
	0.0000
	-3.5684

	DMAL
	Intercept only
	-9.2878
	0.0000
	-2.9640

	
	Intercept & trend 
	-9.3452
	0.0000
	-3.5684

	DTYP
	Intercept only
	-5.0807
	0.0003
	-2.9678

	
	Intercept & trend 
	-5.1679
	0.0002
	-3.5684


The ADF unit root test results in the upper panel of Table 2 show that all the study variables are non-stationary in their levels. This is indicated by the ADF test statistics being higher than the corresponding critical values at the 5% significance level, with p-values not being statistically significant (p > 0.05). In contrast, the ADF unit root test results for the first differences of the series, shown in the lower panel of Table 2, indicate that the differenced series are stationary. This is evidenced by the ADF test statistics being lower than the corresponding critical values at the 5% significance level, with p-values being highly statistically significant (p < 0.05).
Therefore, it can be concluded that the annual data for FPOV, HIV, TB, HBV, MAL, and TYP in Benue state are non-stationary in their levels but stationary in their first differences. Thus, these series are all integrated of order one, I(1).
4.4 Johansen Cointegration Test Results
To examine whether there is a long-term stable equilibrium relationship among FPOV, HIV, TB, HBV, MAL, and TYP infections, the study uses the Johansen cointegration test. The outcomes of this analysis are presented in Table 3.



Table 3: Johansen Cointegration Test Results
	Trace test

	Hypothesized No. of CE(s)
	
	
	Eigenvalue
	Trace Statistic
	0.05 Critical Value
	P-value**

	None *
	
	
	 0.934203
	 173.4925
	 103.8473
	 0.0000

	At most 1 *
	
	
	 0.710845
	 91.85713
	 76.97277
	 0.0024

	At most 2 *
	
	
	 0.589302
	 54.63332
	 54.07904
	 0.0446

	At most 3 
	
	
	 0.374814
	 27.93644
	 35.19275
	 0.2441

	At most 4 
	
	
	 0.252132
	 13.84525
	 20.26184
	 0.3002

	At most 5 
	
	
	 0.157161
	 5.129391
	 9.164546
	 0.2696

	Maximum Eigenvalue Test

	Hypothesized No. of CE(s)
	
	
	Eigenvalue
	Max. Eigenvalue Statistic
	0.05 Critical Value
	P-value**

	None *
	
	
	 0.934203
	 81.63542
	 40.95680
	 0.0000

	At most 1 *
	
	
	 0.710845
	 37.22381
	 34.80587
	 0.0252

	At most 2 
	
	
	 0.589302
	 26.69688
	 28.58808
	 0.0855

	At most 3 
	
	
	 0.374814
	 14.09119
	 22.29962
	 0.4537

	At most 4 
	
	
	 0.252132
	 8.715859
	 15.89210
	 0.4649

	At most 5 
	
	
	 0.157161
	 5.129391
	 9.164546
	 0.2696


Note:Trace test indicates 3 cointegrating eqn(s) at the 0.05 level. Max-eigenvalue test indicates 2 cointegrating eqn(s) at the 0.05 level.  * denotes rejection of the hypothesis at the 0.05 level. **denotes [26] p-values
Table 3 presents the Johansen cointegration test results for examining the interrelationships among FPOV (food poverty), HIV, TB, HBV, MAL, and TYP among farmers in Benue State. The Trace test identifies 3 cointegrating equations at a 0.05 significance level, while the Maximum-eigenvalue test identifies 2 cointegrating equations at the same significance level. This outcome suggests that these variables are cointegrated, leading to the rejection of the null hypothesis that there is no cointegration among the study variables at the 5% significance level. This indicates a long-term stable relationship among these variables, implying that they share a common stochastic trend and are likely to move together over time without drifting apart.
These findings are in line with the study by [13], which showed substantial evidence of co-integration between food poverty and HIV in Benue State. This broader analysis of co-integration suggests that there is a long-term impact of infectious diseases on the number of people living in food poverty in Benue State.
4.5 Cointegrating Regression Estimates 
To examine the impact of infectious diseases on the number of people living in food poverty (FPOV) in Benue state, a multiple cointegrating regression model using the fully modified ordinary least squares (FMOLS) method was applied. The results are presented in Table 4.

Table 4: Result of Co-integrating Regression Estimates
	Variable
	Coefficient
	Std. Error
	t-Statistic
	P-value  

	C
	-1723513
	2022946.
	-0.851981
	0.4020

	HIV
	233.9263
	72.08098
	3.245327
	0.0032

	TB
	581.3246
	138.0352
	4.211423
	0.0003

	HBV
	585.9008
	200.7617
	2.918389
	0.0072

	MAL
	54.54766
	21.41003
	2.547762
	0.0171

	TYP
	328.1928
	41.22970
	7.960106
	0.0000

	R-squared
	0.869086
	F-statistic
	34.52085
	

	Adj. R-squared
	0.843911
	Prob(F-statistic)
	0.000000
	

	   Durbin-Watson
	2.015205
	
	
	



From the estimated regression result reported in Table 4, the optimal multiple regression model of the study is represented as:

From the estimated multiple regression result, the intercept is negatively related to the number of people living in food poverty, although not statistically significant at 5% significance level. The intercept of a regression model represents the predicted value of the dependent variable when all the independent variables are held constant. The negative value of the dependent variable in the estimated model indicates that without the independent variables, the population of people in food poverty in Benue state is predicted to be numerically less than zero. This further implies that infectious diseases as independent variables are good predictors of food poverty in the regression model. 
The slope coefficient of HIV is statistically significant at 5% significance level () and positively related to the population in food poverty. Specifically, a one person increase in HIV infection will bring a corresponding increase of approximately 234 persons in food poverty. This indicates that HIV has a positive and significant impact on the population of food poverty in Benue state, implying that increase in the number of HIV infected farmers will increase the number of persons suffering from food poverty in Benue state. This result agreed with the previous findings of Kuhe et al. [13] who also found that HIV/AIDS had positive and significant impact on food insecurity in Benue state. 
The slope coefficient of tuberculosis (TB), hepatitis B virus infection (HBV), malaria fever (MAL) and typhoid fever (TYP) are also statistically significant at 5% significance levels and positively related to the population in food poverty indicating that, a one person increase in TB, HBV, MAL and TYP infections will increase the number of people suffering from food poverty by approximately 581, 586, 55 and 328 persons respectively. 
Overall, the multiple regression result shows that increase in the number of infected farmers with HIV, tuberculosis, hepatitis B virus, malaria fever and typhoid fever will increase the number of persons suffering from food poverty in Benue state significantly. This result indicates that these infectious diseases have positive and significant impact on food poverty and food insecurity in Benue state. 

4.6 Error Correction Model (ECM)
Utilizing the residuals from the cointegrating regression model in Table 4, the error correction model (ECM) has been estimated to determine the adjustment speed of disequilibrium in the system. The results of the error correction mechanism are presented in Table 5.
Table 5: Parameter Estimates of Vector Error Correction Model
	Variable
	Coefficient
	Std. Error
	t-Statistic
	P-value

	C
	-0.773879
	5.4E-06
	-7321.63
	<0.0001

	DFPOV(-1)
	0.062582
	2.6E-06
	46789.6
	<0.0001

	DHIV(-1)
	0.048781
	3.6E-06
	13735.1
	<0.0001

	DTB(-1)
	-0.110864
	9.3E-06
	-11912
	<0.0001

	DHBV(-1)
	-0.013448
	7.0E-06
	-1930.76
	<0.0001

	DMAL(-1)
	-0.253812
	4.1E-05
	-6226.96
	<0.0001

	DTYP(-1)
	0.061976
	4.4E-06
	1421.06
	<0.0001

	EC(-1)
	-0.999923
	2.3E-05
	-44319.3
	<0.0001

	R-squared
	0.785576
	F-statistic
	27.25675
	

	Adj. R-squared
	0.744714
	Prob(F-statistic)
	0.000000
	

	Durbin-Watson
	2.127263
	
	
	


The results from the error correction model, presented in Table 5, show the slope coefficients of DFPOV(-1), DHIV(-1), DTB(-1), DHBV(-1), DMAL(-1) and DTYP(-1) which reflect the speed at which the study variables corrects previous period disequilibrium. Specifically, the system adjusts at rates of 6.26% for FPOV with a one-year lag of itself, 4.88% for FPOV with a one-year lag of HIV, 11.09% for FPOV with a one-year lag of TB, 1.34% for FPOV with a one-year lag of HBV, 25.38% for FPOV with a one-year lag of MAL and 6.19% for FPOV with a one-year lag of TYP. Smaller percentages indicate a slower rate of adjustment to previous period’s disequilibrium, while higher percentages indicate a faster rate of adjustment.
The one-year lag error correction term, EC(-1), facilitates the return of the independent variables (DHIV(-1), DTB(-1), DHBV(-1), DMAL(-1) and DTYP(-1)) to equilibrium or corrects disequilibrium. For effective adjustment, the slope coefficient of EC(-1) should be negative and significant. In this model, the slope coefficient of EC(-1) is -0.999923 and statistically significant at the 5% level, indicating a rapid correction rate of 99.99% annually. This suggests a very high speed of adjustment towards achieving long-run equilibrium in the system.
The ECM results confirm that the model is non-spurious, as indicated by the Durbin-Watson (DW) statistic being approximately 2, which is greater than the R² statistic. Additionally, the model demonstrates a good fit, with the p-value of the F-statistic being statistically significant at the 5% level (p < 0.01).
4.6.1 Error correction model diagnostic checks
As a diagnostic check for the estimated ECM model, the presence of significant serial correlations/autocorrelations has been checked using VEC residual Portmanteau tests and the results are presented in Table 6.
Table 6: VEC Residual Portmanteau Tests for Autocorrelations
	Lags
	Q-Stat.
	P-value
	Adj Q-Stat.
	P-value
	df

	1
	 65.01903
	 0.2104
	 67.11642
	 0.1321
	36

	2
	 122.2431
	 0.2615
	 128.1555
	 0.1651
	72

	3
	 166.9082
	 0.2762
	 177.4410
	 0.1875
	108

	4
	 210.4916
	 0.3075
	 227.2507
	 0.1975
	144

	5
	 245.8610
	 0.3578
	 269.1700
	 0.2076
	180

	6
	 268.0816
	 0.3991
	 296.5184
	 0.2162
	216

	7
	 298.1670
	 0.2743
	 335.0277
	 0.2544
	252

	8
	 331.7592
	 0.4387
	 379.8173
	 0.7622
	288

	9
	 367.6499
	 0.4475
	 429.7521
	 0.2651
	324

	10
	 403.6289
	 0.4560
	 482.0853
	 0.3571
	360

	15
	 556.4567
	 0.3029
	 737.6968
	 0.5413
	540

	20
	 634.8588
	 0.9899
	 915.1656
	 0.6125
	720

	24
	 688.6781
	 1.0000
	 1097.360
	 0.8965
	864


*The test is valid only for lags larger than the VEC lag order. df is degrees of freedom for (approximate) chi-square distribution
The long-run econometric error correction model has successfully passed the VEC residual Portmanteau tests for autocorrelation, as reported in Table 6. The null hypothesis of no residual autocorrelation up to lag h is accepted, since the p-values for all lags are well above the 0.05 significance level. This confirms that the ECM model is adequate, valid, and a good fit for the study variables.
4.7 Granger Causality Test Result
To examine the direction of the causal relationships among the study variables, the vector autoregressive (VAR) Granger causality test, using the Toda-Yamamoto procedure, has been applied. The results are presented in Table 7.
Table 7: VAR Granger Causality/Block Exogeneity Wald Tests
	Excluded
	Chi-sq
	Df
	P-value

	Dependent variable: DFPOV

	DHIV
	 0.524050
	2
	 0.7695

	DTB
	 0.682308
	2
	 0.7109

	DHBV
	 0.207034
	2
	 0.9017

	DMAL
	 1.712659
	2
	 0.4247

	DTYP
	 1.993274
	2
	 0.3691

	All
	 8.182120
	10
	 0.6111

	Dependent variable: DHIV

	DFPOV
	 11.19045
	2
	 0.0037*

	DTB
	 10.092070
	2
	 0.0092*

	DHBV
	 7.427860
	2
	 0.0274*

	DMAL
	 1.160368
	2
	 0.3262

	DTYP
	 3.092145
	2
	 0.2131

	All
	 23.15501
	10
	 0.0102

	Dependent variable: DTB

	DFPOV
	 12.97466
	2
	 0.0015*

	DHIV
	 2.002097
	2
	 0.3675

	DHBV
	 0.558710
	2
	 0.7563

	DMAL
	 2.455600
	2
	 0.2988

	DTYP
	 2.436862
	2
	 0.2957

	All
	 24.10572
	10
	 0.0073

	Dependent variable: DHBV

	DFPOV
	 11.258332
	2
	 0.0033*

	DHIV
	 1.142539
	2
	 0.5648

	DTB
	 0.669061
	2
	 0.7157

	DMAL
	 0.862219
	2
	 0.6498

	DTYP
	 0.308949
	2
	 0.8569

	All
	 13.25322
	10
	 0.2099

	Dependent variable: DMAL

	DFPOV
	 7.694376
	2
	 0.0213*

	DHIV
	 0.035282
	2
	 0.9825

	DTB
	 0.567363
	2
	 0.7530

	DHBV
	 0.875101
	2
	 0.6456

	DTYP
	 9.337041
	2
	 0.0094*

	All
	 20.42791
	10
	 0.0255

	Dependent variable: DTYP

	DFPOV
	 6.791073
	2
	 0.0335*

	DHIV
	 2.449079
	2
	 0.1656

	DTB
	 3.614425
	2
	 0.1641

	DHBV
	 0.282409
	2
	 0.8683

	DMAL
	 48.89952
	2
	 0.0000*

	All
	 60.14784
	10
	 0.0000



The VAR Granger Causality/Block Exogeneity Wald Tests result reported in Table 7 revealed that there are one-way causalities running from HIV to FPOV, from TB to FPOV, from HBV to FPOV, from MAL to FPOV and from TYP to FPOV. This means that food poverty in the study area has been Granger caused by HIV, TB, Viral hepatitis (HBV), Malaria fever (MAL) and typhoid fever (TYP). The implication is that these infectious diseases are responsible for the increasing number of people living in food poverty in Benue state. There is also a unidirectional causality from HIV to TB and from HIV to viral hepatitis (HBV) indicating that HIV Granger causes tuberculosis (TB) and viral hepatitis (HBV) in Benue state. This result corroborates the empirical findings of [13] who found that HIV/AIDS Granger caused food poverty in Benue state and [29] who found a one-way causality from HIV to TB in Kwande local government of Benue state.
There is a two-way causality running from malaria fever to typhoid fever and from typhoid fever to malaria fever indicating that malaria fever Granger causes typhoid fever and typhoid fever in turn Granger causes malaria fever in the study area.


5. CONCLUSION 
This study provides a critical analysis of the relationship between infectious diseases and food poverty in Benue State, Nigeria, from 1991 to 2022. The findings demonstrate that infectious diseases-specifically HIV, tuberculosis, hepatitis B virus, malaria, and typhoid significantly increase the prevalence of food poverty, establishing a stable, long-term relationship between these variables. The results suggest that infectious diseases perpetuate a cycle of health and economic vulnerability, which heightens food insecurity among affected populations. The cointegration analysis confirms that these infectious diseases and food poverty are linked by a common trend, progressing together over time. The vector error correction model shows that any short-term disequilibrium is swiftly corrected, indicating that, despite fluctuations, the relationship between infectious disease prevalence and food poverty returns to equilibrium annually. Granger causality tests further underscore the directional causality from infectious diseases to food poverty and highlight additional causal relationships among the diseases themselves. The study emphasizes that the prevalence of infectious diseases not only directly influences food poverty but also indirectly exacerbates inter-disease dynamics, intensifying the health and food security crisis in Benue State.
To address the interlinked challenges of infectious diseases and food insecurity, government and public health agencies should enhance disease prevention efforts for HIV, tuberculosis, hepatitis B, malaria, and typhoid by prioritizing vaccination, health education, and sanitation improvements. Integrating health and agricultural policies is crucial for supporting disease-free farming communities and reducing food poverty, achievable through agricultural subsidies and extension services. Expanding healthcare access in rural areas, particularly with increased funding, essential medications, and trained healthcare staff, is also essential. Food security programmes targeting vulnerable populations should include food assistance, nutritional support, and income-generating activities. Finally, community-based disease surveillance systems are recommended for early outbreak detection and containment, fostering community involvement to prevent widespread impact and heightened food insecurity.

Disclaimer (Artificial intelligence)
Author(s) hereby declare that NO generative AI technologies such as Large Language Models (ChatGPT, COPILOT, etc.) and text-to-image generators have been used during the writing or editing of this manuscript. 
REFERENCES
[1] Molyneux DH. Combating the other diseases of MDG 6: changing the paradigm to achieve equity and poverty reduction? Trans. Roy. Soc. Trop. Med. Hyg. 2008; 102(6): 509-519. 
[2] World Health Organization (WHO). (2017). Ending the neglect to attain the Sustainable Development Goals: A road map for neglected tropical diseases 2021–2030. WHO. Available at: https://www.who.int/teams/control-of-neglected-tropical-diseases
[3] Braveman P, Gottlieb L. The social determinants of health: It’s time to consider the causes of the causes. Pub. Heal. Reps. 2014; 129: 19-31. 
[4] Food and Agriculture Organization (FAO). The State of Food Security and Nutrition in the World 2021: Transforming food systems for food security, improved nutrition and affordable healthy diets for all. FAO, IFAD, UNICEF, WFP, and WHO. Available at: https://www.fao.org/3/cb4474en/cb4474en.pdf
[5] Onah MN, Agada JA, & Umeh CA. Prevalence of infectious diseases and food insecurity among households in Benue State, Nigeria. J. Agricul. Food Sci.2020; 10(3): 103–113.
[6] Adedoyin A, Onakoya AB, Adeyemi OO. the role of infectious diseases in perpetuating food insecurity in nigeria: a socio-economic perspective. Inter. J. Soc. Sci. Human. Res. 2021; 9(2): 45–59.
[7] Bickel G, Nord M, Price C, Hamilton W, Cook J. guide to measuring household food security, Revised 2000. USDA, Food and Nutrition Service. Available at: https://fns-prod.azureedge.net/sites/default/files/FSGuide.pdf.
[8] Smith LC, Haddad L. Reducing child undernutrition: Past drivers and priorities for the post-MDG era. Worl. Dev. 2015; 68: 180-204. 
[9] Engle RF, Granger CW. Co-integration and error correction: Representation, estimation, and testing. Econometrica: J. Economet. Soc. 1987; 55(2): 251-276. 
[10] Johansen S. Estimation and hypothesis testing of cointegration vectors in Gaussian vector autoregressive models. Econmet.: J. Economet. Soc. 1991; 59(6): 1551-1580. 
[11] Bhutta ZA, Das JK. Food insecurity and the nutritional health and well-being of women and children. BMJ Open. 2014; 8(3): e048180. 
[12] Anema A, Fielden SJ, Shurgold S. Food insecurity and HIV/AIDS in Africa: implications for support programs. J. Infect. Diss.2014; 205(S3): S169-S175. 
[13] Kuhe DA, Ikughur JA, Obed TA. The impact of HIV/AIDS on food poverty in Benue state: a cointegration and causality analysis approach.  Nig. J. Pur. Appl. Scis. 2017; 9(1): 209-222.
[14] Jones AD. Food insecurity and mental health in low-income populations: a systematic review. Cur. Nutri. Reps. 2017;  6(4): 260-271. 
[15] Weaver LJ, Fasel CB. A systematic review of the literature on the relationships between chronic diseases and food insecurity. Food  Nutri. Scis. 2018; 9(5): 524-536. 
[16] Mandalakas AM, Hesseling AC. Tuberculosis and malnutrition: untangling the connection. Clin. Infect. Diss. 2018; 66(8): 1215-1218. 
[17] Santis A, Labonte R. Community engagement and social participation in low-income communities: a systematic review. BMC Pub. Heal. 2020a;  20(1): 200-214. 
[18] Ben Hassen T, El Bilali H,  Allahyari MS.  Impact of COVID-19 on food security and food systems in the global south. PLO ONE. 2020; 15(12): e0241963. [19] Santis A, Labonte R. Integrating health and agriculture for food security. BMC Pub. Heal. 2020b; 20(2): 209-221. 
[20] Tarasuk V, Mitchell A. Food insecurity and health outcomes: a systematic review. BMJ Ope. 2021; 11(8): e048180. 
[21] Carol C. Impact of COVID-19 on the food security and identifying the compromised food security dimension: A systematic review protocol. PLO. ONE. 2021; 16(8): e0241987. 
[22] Haider LM, Boelee E. Resilience in food systems: a systematic review. Food Sec. 2021; 13(3): 745-763. 
[23] El Bilali H, Dambo L, Nanema J, Tietiambou SRF, Dan Guimbo I, Nanema RK. Impacts of the COVID-19 Pandemic on Agri-Food Systems in West Africa. Sustain.. 2023; 15(13):10643.
[24] Oluoch M, Idowu O, Nakakawa F, Aoga A, Minass G, Gambo A, Miko S, Bbemba J, Nyamutale R, Dagnoko S, Mengistu F, Tadesse E, Hanai J, Kitanaka M. Impact of COVID-19 on Agric-Food Systems: An Assessment of Actors along the Food Value Chain in Ethiopia, Uganda, Nigeria And Mali. fr. J. Food Agric. Nutr. Dev. 2024; 24(3): 25919-25941. 
[25] Dickey DA, Fuller  WA. Distribution of the estimators for autoregressive time series with a unit root.  J. Amer. Stat. Assoc. 1979; 74: 427-431.
[26] Johansen S.  Likelihood-based inference in cointegrated vector autoregressive models. Oxford University Press, Oxford. 1995; p. 76-83.
[27] Yamano T,  Jayne TS. Measuring the impacts of working-age adult mortality on small-scale farm households in Kenya. Worl. Dev. 2004; 32(1): 15-25. 
[28] MacKinnon JG, Numerical distribution functions for unit root and cointegration tests. J. Appl. Econ. 1996;11: 601-618.
[29] Kuhe DA, Ivande JS.  Modelling human immunodeficiency virus cum tuberculosis co-infection dynamics in Kwande Nigeria: An econometrics time series approach. Inter. STD Res. Revs. 2017; 6(3): 1-9.

FOOD POV %	1991	1992	1993	1994	1995	1996	1997	1998	1999	2000	2001	2002	2003	2004	2005	2006	2007	2008	2009	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	47.4	49.3	52.8	61.5	58.7	64.2	67.3	59.7	62.2	57.9	59.6	63.1	64.7	55.4	57.6	64.2	69.3	73.8	73.599999999999994	73.7	74.8	73.599999999999994	71.900000000000006	77.099999999999994	77.7	69.8	65.599999999999994	68.7	71.3	72.900000000000006	69.7	71.599999999999994	

7

