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ABSTRACT
	Aim: This study investigated the long-run and short-run dynamics of Human Immunodeficiency Virus (HIV) and tuberculosis (TB) coinfection in Nasarawa State, Nigeria, to provide empirical evidence for integrated disease prevention and control strategies.
Study Design: The study employed a retrospective longitudinal time-series research design using advanced econometric techniques, including descriptive statistics, unit root tests, Johansen cointegration, and Fully Modified Ordinary Least Squares (FMOLS), Vector Error Correction Model (VECM), and Pairwise Granger causality analysis.
Place and Duration of Study: The study was conducted in Nasarawa State, Nigeria, using quarterly surveillance data obtained from the National Tuberculosis and Leprosy Control Programme (NTBLCP) Quarterly Reports on Case Finding. The dataset covered the period from the fourth quarter (Q4) of 2015 to the fourth quarter (Q4) of 2024.
Methodology: The study analyzed 37 quarterly observations on HIV infections, TB infections, and HIV/TB coinfections. Descriptive statistics were used to summarize the data, while Augmented Dickey-Fuller and Phillips-Perron unit root tests examined stationarity. Johansen cointegration analysis assessed long-run relationships among the variables. Long-run effects were estimated using FMOLS, short-run dynamics were examined with the VECM, and Pairwise Granger causality tests determined the direction of causal relationships.
Results: Descriptive analysis showed that the mean number of HIV infections was approximately 133 cases, TB infections averaged 1,043 cases, and HIV/TB coinfection averaged 115 cases, with TB exhibiting the highest variability (SD = 536 cases). Unit root tests confirmed that all variables were integrated of order one, I(1), supporting cointegration analysis. Johansen cointegration identified three long-run equilibrium relationships among HIV, TB, and HIV/TB coinfection. FMOLS estimates revealed that a one-unit increase in HIV infection increased HIV/TB coinfection by 0.981 units, while a one-unit increase in TB infection increased HIV/TB coinfection by 0.512 units, both statistically significant at the 1% level. The VECM produced a significant error correction coefficient of −0.579, indicating that approximately 58% of deviations from long-run equilibrium were corrected within one quarter. Short-run results showed that changes in HIV infection significantly increased HIV/TB coinfection, whereas TB infection exhibited negative short-run effects. Pairwise Granger causality analysis established unidirectional causality from HIV infection to TB infection (F = 8.746, p = 0.0012), from HIV infection to HIV/TB coinfection (F = 6.826, p = 0.0074), and from TB infection to HIV/TB coinfection (F = 5.423, p = 0.0098).
Conclusion: HIV and TB infections exhibit strong long-run equilibrium relationships and significant short-run causal interactions in Nasarawa State, with HIV serving as the primary driver of TB infection and HIV/TB coinfection. These findings underscore the need for strengthened integrated HIV-TB surveillance, prevention, early diagnosis, treatment programmes, and sustained investment in healthcare systems to reduce the burden of coinfection.
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1. INTRODUCTION 
Tuberculosis (TB) and Human Immunodeficiency Virus (HIV) remain among the most devastating infectious diseases worldwide, particularly in low- and middle-income countries where they continue to exert enormous public health and socioeconomic burdens. HIV weakens the immune system, thereby increasing susceptibility to opportunistic infections such as Mycobacterium tuberculosis, while TB remains one of the leading causes of mortality among people living with HIV (PLHIV), demonstrating the synergistic relationship between the two diseases (Gorsich et al., 2017). The coexistence of HIV and TB accelerates disease progression, complicates treatment outcomes, and substantially increases mortality risk, making TB/HIV co-infection one of the greatest challenges facing health systems globally. Nigeria is recognized by the World Health Organization (WHO) as one of the countries with a high burden of TB, TB/HIV co-infection, and multidrug-resistant TB (The Global Fund, 2025). According to the U.S. Centers for Disease Control and Prevention (CDC), the country's TB incidence in 2023 was estimated at 219 cases per 100,000 population, with approximately 4.9% of TB cases occurring among individuals living with HIV (CDC, 2024). Furthermore, a nationwide meta-analysis involving over 44,000 participants reported a pooled TB/HIV co-infection prevalence of 25.8%, indicating that nearly one out of every four TB patients in Nigeria is also infected with HIV (Agbaje et al., 2020).
The burden of TB/HIV co-infection is not uniformly distributed across Nigeria, with substantial regional disparities observed. The North-Central geopolitical zone, where Nasarawa State is situated, records some of the highest co-infection rates in the country, with estimates reaching 34.3% (Agbaje et al., 2020). Chukwuocha et al. (2023) reported a TB/HIV co-infection prevalence of 33.9% among TB patients in Central Nigeria, while Asuke et al. (2024) documented a prevalence of 9.25% among HIV-positive patients attending a tertiary hospital in Jos over a ten-year period. In Nasarawa State specifically, evidence indicates that TB/HIV co-infection has remained persistently high for nearly two decades. A retrospective study reported a co-infection prevalence of 24.2% among HIV-positive individuals between 2007 and 2011 (Azuonwu & Obire, 2012), while more recent records from the Nasarawa State Ministry of Health revealed that of the 7,345 TB cases recorded in 2023, about 1,524 (21%) were co-infected with HIV, resulting in 117 deaths attributable to co-infection complications (Nasarawa State Ministry of Health, 2024). These findings demonstrate that despite sustained implementation of interventions such as Directly Observed Treatment Short-course (DOTS) and expanded antiretroviral therapy (ART), TB/HIV co-infection continues to pose a significant public health threat in the state.
Although numerous studies have investigated TB/HIV co-infection in Nigeria, most have concentrated on prevalence estimates, demographic characteristics, clinical outcomes, or treatment responses using cross-sectional and descriptive research designs (Chukwuocha et al., 2023; Asuke et al., 2024). Consequently, there remains limited understanding of the temporal interactions between HIV and TB or how changes in one disease may influence the occurrence of the other over time. Existing approaches provide little evidence on whether the two diseases share a stable long-run equilibrium relationship or whether fluctuations in one disease can predict future changes in the other. This methodological limitation restricts policymakers' ability to formulate integrated and evidence-based interventions capable of addressing the persistent burden of TB/HIV co-infection in Nasarawa State. The absence of longitudinal econometric analyses therefore represents an important knowledge gap requiring rigorous investigation.
Advanced econometric techniques provide a useful framework for addressing these limitations by examining both the long-run and short-run dynamics between HIV and TB. Cointegration analysis enables researchers to determine whether HIV and TB indicators move together over time and maintain a stable long-run equilibrium relationship despite short-term fluctuations (Engle & Granger, 1987). Complementing this, Granger causality analysis identifies the direction of predictive influence between the diseases, thereby revealing whether changes in HIV burden precede changes in TB incidence or vice versa. Such evidence is invaluable for forecasting disease trends and designing proactive interventions. For instance, if HIV prevalence Granger-causes TB incidence, strengthening HIV prevention and treatment programmes could significantly reduce future TB cases. Conversely, if TB trends influence HIV dynamics, improving TB detection and management could indirectly enhance HIV control efforts (Chirwa & Odhiambo, 2019). Despite the usefulness of these methods, no known study has applied cointegration and causality analysis to investigate HIV/TB co-infection dynamics in Nasarawa State.
This study is therefore designed to bridge this important methodological and empirical gap by examining the long-run relationship and causal interactions between HIV and tuberculosis in Nasarawa State using econometric techniques. Specifically, the study investigates the trend patterns of HIV and TB over the study period, tests for long-run cointegration between the two diseases, estimates their short-run and long-run dynamic relationships using the Vector Error Correction Model (VECM), and determines the direction of causality through Granger causality analysis. By moving beyond descriptive epidemiology, the study provides a more comprehensive understanding of the temporal dynamics underlying TB/HIV co-infection. The findings are expected to support evidence-based public health planning, improve integrated disease surveillance, optimize resource allocation, strengthen programme coordination, and contribute to the achievement of national and global TB/HIV control targets. Furthermore, the study enriches the literature by demonstrating the application of advanced econometric methods in infectious disease epidemiology at the subnational level.
The study focuses on Nasarawa State, Nigeria, utilizing secondary epidemiological data on HIV infection, TB infection, and HIV/TB co-infection covering the period from the fourth quarter of 2015 to the fourth quarter of 2024, obtained from the Nasarawa State Ministry of Health, Lafia. Descriptive statistics, Johansen cointegration, Fully Modified Ordinary Least Squares (FMOLS), the Vector Error Correction Model (VECM), and Granger causality tests are employed to investigate temporal relationships and establish whether statistically significant long-run equilibrium and directional interactions exist between HIV and TB. While the findings are expected to provide valuable epidemiological insights for policy formulation and integrated disease control, the study is limited to aggregate state-level surveillance data and does not incorporate individual-level clinical, behavioural, immunological, or socio-demographic variables. Consequently, the results should be interpreted as temporal and epidemiological associations rather than direct evidence of biological or clinical causation, and their generalization beyond Nasarawa State should be undertaken with caution.

There are several empirical evidence documented in literature regarding the subject matter, for example, Kuhe and Ivande (2017) conducted a study aimed to model the monthly dynamics of HIV and TB data from Kwande, Benue State (2007-2016), the study found that HIV and TB were cointegrated and that HIV Granger-causes TB, indicating a stable long-run relationship. The study recommended integrated HIV/TB screening and awareness programmes but was limited to a single local government area. Ijiga (2018) analyzed HIV and TB coinfections among farmers in Benue State using time-series econometric techniques. Although no long-run cointegration was established, HIV was found to positively influence TB in the short run and Granger-cause TB. The study’s findings were limited by its focus on farmers only. Ani et al. (2020) examined several Nigerian states and reported long-run relationships between HIV, TB, and hepatitis C in some states, with HIV Granger-causing TB. The authors advocated integrated disease surveillance but used annual data, which may have obscured short-term dynamics.
Nwoga et al. (2024) used a retrospective hospital-based study in Enugu State and found a 29% TB/HIV coinfection prevalence. Occupation significantly predicted coinfection, while urban residence reduced the risk. The findings were limited to a single health facility. Chukwuocha et al. (2023) employed a hospital-based study and reported a 33.9% TB/HIV coinfection prevalence and associated low CD4 counts with poor treatment outcomes. The authors recommended stronger HIV screening among TB patients, although the study lacked national representativeness. Belay et al. (2015) conducted a cross-sectional study in Ethiopia and found a substantial burden of TB/HIV coinfection and emphasized integrated screening. Its design, however, did not permit causal or temporal analysis. Windels et al. (2024) applyed Bayesian phylodynamic methods to show that HIV increases the risk of active TB but reduces onward TB transmission. The study however, focused on genomic transmission dynamics rather than econometric relationships.
Mekonen et al. (2024) used systematic review and meta-analysis to conclude that HIV coinfection generally worsens TB treatment outcomes, including mortality and relapse. Nevertheless, it could not assess temporal causal relationships. Adejumo et al. (2017) conducted a study in Lagos State and reported a 21.6% TB/HIV coinfection prevalence and identified older age, extrapulmonary TB, and retreatment status as significant risk factors. Its hospital-based design limited broader generalization. Mwatenga et al. (2024) investigated prisoners in Kenya and found that all TB-positive inmates were HIV-positive, with smoking, drug use, and low education predicting coinfection. The study highlighted prisons as priority settings for intervention. Trinh et al. (2015) used global epidemiological study and estimated that approximately 12% of TB cases worldwide were HIV coinfected in 2013 and emphasized integrated TB/HIV services, although it did not perform subnational time-series analyses. 
Kuhe et al. (2017) applied cointegration and Granger causality techniques and found that HIV/AIDS has a significant long-run impact on food poverty in Benue State and Granger-causes food poverty, illustrating the broader socioeconomic consequences of HIV. Hu et al. (2019) used survival analysis among Kenyan HIV/TB patients, the study demonstrated that delayed initiation of antiretroviral therapy increases mortality and recommended individualized ART timing based on CD4 count. Aturinde et al. (2019) employed spatial analysis in Uganda and identified geographic hotspots of HIV and TB and recommended geographically targeted interventions, although it did not examine temporal relationships. Reward et al. (2020) employed systematic review and meta-analysis and estimated Nigeria’s pooled TB/HIV coinfection prevalence at 25.8%, with the North-Central region recording the highest burden (34.3%), highlighting the need for improved surveillance. Wondmeneh and Mekonnen (2023) reviewed studies across sub-Saharan Africa and found that TB incidence remains high among people living with HIV, particularly among individuals with low CD4 counts, and recommended stronger preventive interventions.
The four recent studies collectively demonstrate significant advances in understanding and managing HIV/TB coinfection through mathematical modelling, machine learning, clinical evidence synthesis, and adaptive epidemiological modelling. Raza et al. (2025) showed that integrated HIV and TB treatment strategies, supported by mathematical modelling, can substantially reduce coinfection burden through early diagnosis and improved treatment adherence. Emegano et al. (2025) demonstrated that machine learning algorithms, particularly ensemble methods such as XGBoost and Random Forest, provide more accurate predictions of TB incidence and HIV/TB coinfection than conventional statistical models, thereby enhancing disease surveillance and resource allocation. Sossen et al. (2025) synthesized current clinical evidence and concluded that although advances in antiretroviral therapy, preventive treatment, and rapid diagnostics have reduced HIV-associated TB mortality, substantial challenges remain, including drug-resistant TB, delayed diagnosis, and the absence of an effective vaccine. Similarly, Pari et al. (2026) reported that adaptive epidemiological modelling can optimize HIV/TB intervention strategies by incorporating transmission dynamics, treatment costs, and host-pathogen interactions, resulting in more cost-effective disease control. Overall, these studies emphasize the growing importance of advanced analytical approaches, integrated HIV/TB management, predictive modelling, and evidence-based policy interventions in reducing the burden of HIV/TB coinfection.
The reviewed studies consistently demonstrate that HIV is a major determinant of TB incidence, coinfection, treatment outcomes, and mortality across Nigeria and other high-burden countries. Time-series econometric studies generally support a long-run relationship between HIV and TB and frequently identify HIV as Granger-causing TB, while clinical and epidemiological studies report persistently high coinfection prevalence and identify key risk factors such as low CD4 count, older age, retreatment, occupation, and socioeconomic conditions. However, many existing studies are limited by cross-sectional or hospital-based designs, restricted geographical coverage, annual data, or the absence of advanced econometric modelling. Furthermore, few studies have simultaneously examined long-run equilibrium and causal interactions between HIV and TB at the subnational level. These gaps justify the present study, which applies cointegration and Granger causality analysis to investigate the dynamic relationship between HIV and TB in Nasarawa State, Nigeria.
Bottom of Form

2. material and methods 
2.1 Data Source
The data used in this work comprised quarterly time series secondary data on the number of people coinfected with HIV/TB, number of people infected with HIV and the number of people infected with Tuberculosis (TB) obtained from National Tuberculosis and Leprosy Control Programme Quarterly Report on Case Finding (Nasarawa state Report). The data spanned from 2015 quarter 4 to 2024 quarter 4 and was obtained from Nasarawa State Ministry of Health, Lafia. 
2.2 Methods of Data Analysis
The following statistical tools are employed in the analysis of data in this work.
2.2.1 Descriptive statistics and normality measures
The mean of any given set of data is computed as:

The sample standard deviation of any given set of data over a given period of time is computed using the following formula:

where  is the sample mean,  is the sample size.
Jarque-Bera test is a normality test of whether a given sample data have the skewness and kurtosis similar to that of a normal distribution. The test was proposed by Jarque and Bera (1980, 1987) and test the null hypothesis that the series is normally distributed. Given any data set, the test statistic JB is defined as: 

where  is the sample skewness given as:

and  is the sample kurtosis defined by:

where T is the total number of observations. The JB normality test checks the following pair of hypothesis:
and  (i.e.,  follows a normal distribution) 
and  (i.e.,  does not follows a normal distribution). 
The test rejects the null hypothesis if the p-value of the JB test statistic is less than  level of significance.
2.2.2 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 (Dickey and Fuller, 1979). 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:
                                                                                                             (9)
and evaluated using the conventional ratio for 

where  is the estimate of  and  is the coefficient standard error. 
2.2.3 Johansen co-integration test
Two or more non-stationary series, I(1), are said to be cointegrated if their linear combination gives a stationary series, I(0). Johansen (1991, 1995) developed a methodology for testing for co-integration as follows:
Let  denote an () vector of 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 Equation (13),  0
2.2.4 Multiple co-integrating regression model specification
To investigate the impact of HIV-TB coinfection on HIV and TB patients in Nasarawa state, the study employs a multiple linear regression model using fully modified ordinary least squares (FMOLS). The model is specified as follows:

HIV-TB coinfection is a function of HIV and Tuberculosis (TB). The functional model then becomes:

where
is the number of individuals coinfected with HIV/AIDS and TB at time  used here as dependent variable;
is the number of individuals infected with human immunodeficiency virus/Acquired immunodeficiency syndrome at time used as independent variable;
is the number of individuals infected with tuberculosis disease 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 and TB 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 HIV-TB coinfection but are not included in the model.
2.2.5 Vector error correction model (VECM) 
A vector error correction model (VECM) is a multivariate time-series model used when the variables are nonstationary but are cointegrated i.e., they share one or more stable long-run relationships. The VECM separates long-run equilibrium relationships (the cointegration) from short-run dynamics (differences). It forces the system to correct short-run deviations back toward the long-run equilibrium via error-correction terms.

A VECM with  lags (VAR(p) in levels) can be written as:

where  is the first differences,  is a  matrix with long-run information, are  short-run coefficient matrices,  is deterministic terms, is a  vector of innovations.
If rank with , then  with  a  matrix of cointegrating vectors and a  matrix of adjustment coefficients.
For one cointegrating relation (), we normalize the cointegrating vector so that it has the form:

i.e. the long-run equilibrium is

Then the VECM (with  lags) written equation-by-equation is:



where  are the adjustment coefficients (elements of ), they measure how each variable responds to deviation from the long-run equilibrium, are the rows of ​ capturing short-run dynamics (effects of past changes), ​ are constants (if included) and  are disturbance terms.
Interpretation: If  (C is above its long-run value), then a negative ​ would pull  down (i.e., C tends to decrease next period), restoring equilibrium.
2.2.6 Granger causality test based on modified Wald test
Granger causality test procedure due to Toda and Yamamoto (1995) 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 (23) against  “Granger causes”  if  in equation (24) and vice versa.

3. results and discussion
3.1 Results of Preliminary Statistical Analyses
Preliminary statistical analysis was conducted to summarize the basic characteristics of HIV infection, tuberculosis (TB) infection, and HIV/TB coinfection over the study period. Descriptive and normality statistics are essential in time series and cointegration studies as they provide deeper understanding of the central tendency, dispersion, and distributional properties of the variables. The results of descriptive and normality statistics are presented in Table 1.
Table 1: Descriptive and Normality Statistics
	Variable 
	HIV Infection
	TB Infection
	HIV/TB Coinfection

	 Mean
	132.6757
	1042.784
	114.7027

	 Median
	131.0000
	750.0000
	117.0000

	 Maximum
	216.0000
	2252.000
	194.0000

	 Minimum
	80.00000
	466.0000
	29.00000

	 Std. Dev.
	34.04250
	535.9922
	38.47356

	 Skewness
	0.690802
	0.983081
	0.055383

	 Kurtosis
	3.009399
	2.624326
	2.447094

	 Jarque-Bera
	2.942919
	6.177346
	0.490211

	 Probability
	0.229590
	0.045562
	0.782622

	 Observations
	37
	37
	37


Table 1 presented the descriptive and normality statistics for HIV infection, TB infection, and HIV/TB coinfection based on 37 observations. The mean number of HIV infections is approximately 133 cases, while TB infection exhibits a much higher average of about 1,043 cases, reflecting the heavier burden of TB relative to HIV in Nasarawa State during the study period. HIV/TB coinfection has a mean of roughly 115 cases, indicating a substantial overlap between the two diseases and underscoring the public health significance of their interaction. The dispersion measures reveal notable variability across the series. TB infection shows the highest standard deviation (535.99), suggesting wide fluctuations in TB cases over time. In contrast, HIV infection (34.04) and HIV/TB coinfection (38.47) display relatively moderate variability. The wide range between the minimum and maximum values, especially for TB infection (466 to 2,252 cases), further indicates pronounced temporal dynamics that may be influenced by epidemiological, programmatic, or socio-economic factors.
The skewness statistics indicate that HIV infection (0.69) and TB infection (0.98) are moderately right-skewed, implying occasional spikes in reported cases. HIV/TB coinfection, however, has a skewness value close to zero (0.06), suggesting a nearly symmetric distribution. Kurtosis values for all three variables are close to the benchmark value of 3, implying approximately mesokurtic distributions with no extreme peakedness or tail heaviness. Normality is assessed using the Jarque–Bera (JB) test. The JB probabilities show that HIV infection (p = 0.2296) and HIV/TB coinfection (p = 0.7826) do not significantly deviate from normality at the 5% level. However, TB infection has a JB probability of 0.0456, indicating a rejection of the null hypothesis of normality. This non-normality may be attributable to large fluctuations or episodic outbreaks in TB cases over the study period.
Overall, the descriptive statistics highlight the dominant burden and volatility of TB infection relative to HIV and HIV/TB coinfection, while the normality results suggest that most series are reasonably well-behaved, with the exception of TB infection. These distributional features justify the application of robust time series techniques in the subsequent cointegration and causality analysis to examine the long-run and directional relationships between HIV and TB infections in Nasarawa State.
3.2	Graphical Examination of the Study Variables
Graphical analysis provides an initial visual assessment of the trends, patterns, and variability in the study variables over time. In this study, plotting Human Immunodeficiency Virus (HIV) infections, Tuberculosis (TB) infections, and HIV/TB coinfection allows for a preliminary understanding of their behaviour, seasonal fluctuations, and potential correlations before formal econometric analysis. The time series plots of HIV infections, TB infections, and HIV/TB coinfection are presented in Figures 1, 2 and 3 respectively while their first difference series are presented in Figures 4, 5 and 6 respectively.
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Figure 1: Time Series Plot of HIV Infection in Nasarawa State from 2015-2024 (Level Series)
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Figure 2: Time Series Plot of TB Infection in Nasarawa State from 2015-2024 (Level Series)
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Figure 3: Time Series Plot of HIV/TB Coinfection in Nasarawa State from 2015-2024 (Level Series)
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Figure 4: Time Series Plot of First Difference of HIV Infection in Nasarawa State from 2015-2024 
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Figure 5: Time Series Plot of First Difference of TB Infection in Nasarawa State from 2015-2024 
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Figure 6: Time Series Plot of First Difference of HIV/TB Coinfection in Nasarawa State from 2015-2024 
The time series plots reported in Figures 1-3 show that the trending in the series are not smooth which suggest that the series have varying means and variances across the period under review. This indicate that the series are not covariance or weakly stationary (i.e., the series contain unit roots). However, the first difference time series plots reported in Figures 4-6 show that the series are somewhat smooth which suggest that the series have constant means and variances across the period under review. This indicate that the series are covariance or weakly stationary (i.e., the series do not contain unit roots).
3.3	Augmented Dickey-Fuller (ADF) Unit Root Test Results
It is essential to examine the time series properties of HIV infection, TB infection, and HIV/TB coinfection before conducting cointegration and causality analyses. The Augmented Dickey-Fuller (ADF) unit root test is employed to determine whether the series are stationary or non-stationary at levels and at first differences. Establishing the order of integration of each variable is a critical prerequisite for cointegration analysis, as long-run equilibrium relationships can only be meaningfully examined among non-stationary variables that are integrated of the same order. Table 2 presents the ADF results.
Table 2: Augmented Dickey-Fuller (ADF) Unit Root Test Results
	Variable 
	Option 
	ADF Test Stat.
	p-value
	5% Critical value

	Level Series

	HIV Infection
	Intercept only
	-1.598097
	0.4698
	-2.976263

	
	Intercept & trend
	-0.893836
	0.9423
	-3.587527

	TB Infection
	Intercept only
	-0.407376
	0.8971
	-2.948404

	
	Intercept & trend
	-1.984494
	0.5892
	-3.544284

	HIV/TB Coinfection
	Intercept only
	-2.175925
	0.2182
	-2.948404

	
	Intercept & trend
	-1.276500
	0.8745
	-3.568379

	First Difference Series

	HIV Infection
	Intercept only
	-6.803507
	0.0000
	-2.951125

	
	Intercept & trend
	-6.810222
	0.0000
	-3.548490

	TB Infection
	Intercept only
	-3.843667
	0.0060
	-2.951125

	
	Intercept & trend
	-8.482671
	0.0000
	-3.544284

	HIV/TB Coinfection
	Intercept only
	-7.504752
	0.0000
	-2.951125

	
	Intercept & trend
	-7.413650
	0.0000
	-3.548480


Table 2 reports the ADF unit root test results for HIV infection, TB infection, and HIV/TB coinfection under two specifications: intercept only and intercept with deterministic trend, both at levels and at first differences. At the level form, the ADF test statistics for all three variables are greater (in absolute terms, less negative) than their corresponding 5% critical values, and their p-values exceed 0.05 under both model specifications. Specifically, HIV infection records test statistics of -1.5981 (intercept only) and -0.8938 (intercept and trend), TB infection shows -0.4074 and -1.9845, while HIV/TB coinfection yields -2.1759 and -1.2765. These results imply a failure to reject the null hypothesis of a unit root. Consequently, HIV infection, TB infection, and HIV/TB coinfection are non-stationary in levels, indicating that their means and variances change over time.
In contrast, at the first difference, all variables become stationary under both specifications. The ADF test statistics for the differenced series are highly negative and exceed the 5% critical values in absolute terms, with p-values equal to or less than 0.01. For instance, ∆HIV infection records test statistics of -6.8035 and -6.8102, ∆TB infection records -3.8437 and -8.4827, while ∆HIV/TB coinfection records -7.5048 and -7.4137 under the intercept-only and intercept-with-trend models, respectively. These outcomes lead to a rejection of the null hypothesis of a unit root at first difference. Overall, the ADF results indicate that HIV infection, TB infection, and HIV/TB coinfection are integrated of order one, I(1). This common order of integration satisfies the necessary condition for conducting cointegration analysis. Hence, it is statistically valid to proceed with cointegration tests to examine the existence of long-run equilibrium relationships among HIV infection, TB infection, and their coinfection, as well as causality analysis to explore the direction of influence among these epidemiological variables in Nasarawa State, Nigeria.
3.4	Johansen Cointegration Test Results
The Johansen cointegration test was employed to examine the existence of long-run equilibrium relationships among HIV infection, TB infection, and HIV/TB coinfection. Given that the Augmented Dickey-Fuller (ADF) unit root test established that all variables are integrated of order one, I(1), the Johansen multivariate cointegration framework is appropriate. This approach allows for the identification of both the number and strength of cointegrating vectors, thereby providing empirical evidence on whether HIV and TB infections move together in the long run within the study area. The results of Johansen cointegration test is presented in Table 3.
Table 3: Johansen Cointegration Test Results
	Unrestricted Cointegration Rank Test (Trace)

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

	None*
	0.509052
	50.15330
	35.01090
	0.0006

	At most 1*
	0.407105
	24.54229
	18.39771
	 0.0061

	At most 2*
	0.146996
	5.723698
	3.841466
	 0.0167

	Unrestricted Cointegration Rank Test (Maximum Eigenvalue)

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

	None*
	0.509052
	25.61101
	24.25202
	 0.0329

	At most 1*
	0.407105
	18.81859
	17.14769
	 0.0284

	At most 2*
	0.146996
	5.723698
	3.841466
	 0.0167


 Note: Trace test indicates 3 cointegrating eqn(s) at the 0.05 level; Max-eigenvalue test indicates 3 cointegrating eqn(s) at the 0.05 level; *denotes rejection of the hypothesis at the 0.05 level; **MacKinnon-Haug-Michelis (1999) p-values.

Table 3 presents the results of the Johansen cointegration test using both the Trace statistic and the Maximum Eigenvalue statistic at the 5% significance level. These two statistics jointly determine the number of cointegrating equations (CEs) among the variables. From the Trace test results, the null hypothesis of no cointegration (“None”) is rejected, as the Trace statistic (50.15) exceeds the 5% critical value (35.01) with a p-value of 0.0006. Similarly, the null hypotheses of “at most one” and “at most two” cointegrating equations are also rejected, since their respective Trace statistics (24.54 and 5.72) are greater than the corresponding critical values (18.40 and 3.84), with p-values below 0.05. This indicates the presence of three cointegrating equations among HIV infection, TB infection, and HIV/TB coinfection.
The Maximum Eigenvalue test corroborates the Trace test findings. The null hypothesis of no cointegration is rejected because the Max-Eigen statistic (25.61) exceeds its critical value (24.25) with a p-value of 0.0329. Likewise, the hypotheses of “at most one” and “at most two” cointegrating equations are rejected, as the Max-Eigen statistics (18.82 and 5.72) are greater than their respective critical values (17.15 and 3.84), with statistically significant p-values. Hence, the Max-Eigen test also confirms the existence of three cointegrating vectors at the 5% level. The consistency of both the Trace and Maximum Eigenvalue tests provides strong evidence of a stable long-run equilibrium relationship among HIV infection, TB infection, and HIV/TB coinfection in Nasarawa State. This implies that although the individual series may exhibit short-run fluctuations, they are bound together by long-run dynamics, such that deviations from equilibrium are eventually corrected over time. This finding corroborates the earlier findings of Kuhe and Ivande (2017), Ijiga (2018) and Ani et al. (2020).
In the context of public health, these findings suggest a strong interdependence between HIV and TB epidemiological trends, reinforcing the biological and programmatic linkage between the two diseases. The presence of multiple cointegrating relationships further indicates that changes in one infection series have long-term implications for the others. Consequently, the evidence of cointegration justifies the estimation of a Vector Error Correction Model (VECM) and subsequent causality analysis to explore both short-run adjustments and long-run causal interactions between HIV infection, TB infection, and HIV/TB coinfection in Nasarawa State, Nigeria.

3.5	Results of Conitegrating Regression Equation
Following the establishment of a long-run equilibrium relationship among HIV infection, TB infection, and HIV/TB coinfection through the Johansen cointegration test, the long-run parameters of the cointegrating relationship were estimated using the Fully Modified Ordinary Least Squares (FMOLS) technique. FMOLS is particularly suitable in cointegrated systems as it corrects for endogeneity and serial correlation, thereby providing unbiased and efficient long-run coefficient estimates. This estimation seeks to quantify the long-run impact of HIV and TB infections on HIV/TB coinfection in Nasarawa State. The results of cointegrating regression equation is presented in Table 4.
Table 4:  Parameter Estimates of Cointegrating Regression Equation
	Dependent Variable: HIV/TB Coinfection;                                        Method: FMOLS

	Variable
	Coefficient
	Std. Error
	t-Statistic
	p-value

	C
	-3.328446
	0.620875
	-5.360896
	0.0000

	HIV
	0.981024
	0.125259
	7.831971
	0.0000

	TB
	0.511859
	0.071282
	7.180761
	0.0000

	R-squared
	0.760311
	
	
	

	Adjusted R2
	0.745785
	
	
	

	Durbin-Watson stat.
	2.351056
	
	
	


Table 4 reports the FMOLS estimates with HIV/TB coinfection as the dependent variable, while HIV infection and TB infection are included as explanatory variables. The estimated coefficients are all statistically significant at the 1% level, as indicated by their p-values of 0.0000. The coefficient of HIV infection (0.9810) is positive and close to unity, implying that, in the long run, a one-unit increase in HIV infection is associated with approximately a 0.98-unit increase in HIV/TB coinfection, holding TB infection constant. This result indicates the dominant role of HIV infection in driving coinfection dynamics, which is consistent with epidemiological evidence that HIV significantly increases susceptibility to active tuberculosis. Similarly, the coefficient of TB infection (0.5119) is positive and statistically significant, suggesting that a one-unit increase in TB infection leads to about a 0.51-unit increase in HIV/TB coinfection in the long run, ceteris paribus. This finding underscores the bidirectional interaction between TB and HIV, where a higher TB burden increases the likelihood of overlap with HIV-positive individuals.
The intercept term is negative (-3.3284) and statistically significant, indicating that in the absence of HIV and TB infections, the baseline level of HIV/TB coinfection would be negligible. Although the intercept has limited direct epidemiological interpretation, its significance reflects the proper centering of the long-run relationship. The goodness-of-fit statistics reveal that the model explains a substantial proportion of the variation in HIV/TB coinfection. The R-squared value of 0.76 indicates that approximately 76% of the long-run variations in HIV/TB coinfection are jointly explained by HIV and TB infections. The adjusted R-squared (0.746) further confirms the robustness of the model after accounting for degrees of freedom. The Durbin-Watson statistic of 2.35 suggests the absence of serious autocorrelation in the residuals, implying that the long-run estimates are reliable and not plagued by serial dependence. Overall, the FMOLS results provide strong empirical evidence of a positive and statistically significant long-run relationship between HIV infection, TB infection, and HIV/TB coinfection in Nasarawa State. These findings reinforce the interconnected nature of HIV and TB epidemics and emphasize the need for integrated disease surveillance, prevention, and treatment strategies. The significance of the long-run coefficients further supports the subsequent use of causality analysis to investigate the direction and dynamics of influence between HIV infection and TB infection in shaping coinfection outcomes.
3.6	Results of Vector Error Correction (VECM) Model
The selection of an optimal lag length is a crucial step prior to estimating the Vector Error Correction Model (VECM) and conducting causality analysis. An appropriate lag structure ensures that the dynamic interactions among HIV infection, TB infection, and HIV/TB coinfection are adequately captured while avoiding model misspecification. To this end, the Vector Autoregressive (VAR) lag order selection criteria including the Log Likelihood (LogL), Likelihood Ratio (LR) test, Final Prediction Error (FPE), Akaike Information Criterion (AIC), Schwarz Information Criterion (SIC), and Hannan-Quinn Criterion (HQC) were employed. The results of VAR lag order selection is presented in Table 5.
Table 5: VAR Lag Order Selection Results
	Lag
	LogL
	LR
	FPE
	AIC
	SIC
	HQC

	0
	-897.4614
	NA
	3984.902
	4.5509
	4.6292
	4.5622

	1
	-882.9416
	33.62715
	3787.112
	4.3971
	4.5873
	4.4962

	2
	-869.6012
	28.17962*
	3585.712*
	3.9983*
	4.0755*
	4.1528*

	3
	-850.7183
	4.975613
	3276.631
	4.0573
	4.2704
	4.3871


Table 5 presents the VAR lag order selection results for lag lengths ranging from 0 to 3. The optimal lag length is determined based on the minimum values of the information criteria and the statistical significance of the LR test. The results show that lag order 2 is consistently selected as the optimal lag length by most of the criteria. Specifically, the Likelihood Ratio (LR) test is statistically significant at lag 2 (LR = 28.18), indicating that including two lags significantly improves the model compared to a lower lag specification. In addition, the Final Prediction Error (FPE) attains its minimum value (3585.71) at lag 2, suggesting superior out-of-sample forecasting performance at this lag length. Similarly, the Akaike Information Criterion (AIC), Schwarz Information Criterion (SIC), and Hannan-Quinn Criterion (HQC) all record their lowest values at lag 2 (AIC = 3.9983, SIC = 4.0755, HQC = 4.1528), further reinforcing the choice of two lags as the most parsimonious and statistically adequate specification. Although the Log Likelihood value improves at lag 3, the information criteria do not support this higher lag order, likely due to the penalty imposed for additional parameters. Overall, the convergence of the LR test, FPE, AIC, SIC, and HQC at lag order 2 provides strong empirical justification for selecting a VAR(2) structure. This optimal lag length ensures that the short-run dynamics among HIV infection, TB infection, and HIV/TB coinfection are properly modeled without over-fitting. Consequently, the chosen lag order forms a sound basis for estimating the Vector Error Correction Model (VECM) at lag  (i.e., 2-1=1 lag) and conducting subsequent causality analysis within the context of HIV and TB coinfection dynamics in Nasarawa State, Nigeria.
Having established the existence of a long-run equilibrium relationship among HIV infection, TB infection, and HIV/TB coinfection, and having selected the optimal lag length, the Vector Error Correction Model (VECM) was estimated to capture both the short-run dynamics and the speed of adjustment toward long-run equilibrium. The VECM framework is particularly appropriate because it integrates short-run causal interactions with long-run cointegrating relationships. The inclusion of the error correction term (ECT) allows for the assessment of how deviations from long-run equilibrium are corrected over time. The result of VECM is presented in Table 6.
Table 6: Parameter Estimates of Vector Error Correction Model
	Variable 
	Coefficient
	Std. Error
	t-statistic
	p-value

	HIV_TB(-1)
	-0.25835
	0.09049
	-2.85497
	0.0078

	HIV
	1.15624
	0.35978
	3.21374
	0.0016

	HIV(-1)
	0.35856
	0.04534
	7.90821
	0.0000

	TB
	-0.61155
	0.14435
	-4.23658
	0.0000

	TB(-1)
	-0.58626
	0.24028
	-2.43989
	0.0143

	EC(-1)
	-0.578591
	0.04382
	-13.2038
	0.0000

	 R-squared
	0.799239
	
	
	

	 Adj. R-squared
	0.715531
	
	
	

	 F-statistic
	14.42515
	
	
	


Table 6 presents the parameter estimates of the VECM with first difference of HIV/TB coinfection as the dependent variable. The results provide deeper understanding of both short-run effects and long-run adjustment dynamics. The error correction term, EC(-1), has a negative coefficient (-0.5786) and is highly statistically significant (p = 0.0000). This satisfies the theoretical expectation for convergence and indicates the presence of a stable long-run equilibrium. Specifically, the coefficient suggests that approximately 58% of any short-run disequilibrium in HIV/TB coinfection is corrected within one period, implying a relatively fast speed of adjustment back to the long-run path following shocks to the system. Regarding the short-run dynamics, the coefficient of ∆HIV_TB(-1) is negative (-0.2584) and statistically significant (p = 0.0078), indicating that past changes in HIV/TB coinfection exert a corrective influence on its current changes. This reflects short-run inertia and adjustment behaviour in coinfection cases.
The contemporaneous change in HIV infection (∆HIV) has a positive and significant effect (1.1562, p = 0.0016), implying that an increase in HIV cases in the short run leads to a rise in HIV/TB coinfection. Similarly, the lagged change in HIV infection ∆HIV(–1) is also positive and highly significant (0.3586, p = 0.0000), reinforcing the strong short-run influence of HIV dynamics on coinfection outcomes. In contrast, both the contemporaneous and lagged changes in TB infection exert negative and statistically significant effects on HIV/TB coinfection. The coefficient of ∆TB is -0.6116 (p = 0.0000), while ∆TB(-1) is -0.5863 (p = 0.0143). These negative short-run effects may reflect intensified TB control interventions, treatment effects, or reporting dynamics that reduce the overlap with HIV cases in the short term, even though TB remains positively linked to coinfection in the long run. The overall explanatory power of the model is strong. The R-squared value of 0.799 indicates that approximately 80% of the short-run variations in HIV/TB coinfection are explained by the model. The adjusted R-squared (0.716) confirms the robustness of this explanatory power after adjusting for degrees of freedom. Furthermore, the F-statistic of 14.43 suggests that the model is jointly significant, indicating that the included variables meaningfully explain changes in HIV/TB coinfection.
Overall, the VECM results provide compelling evidence of both short-run causal interactions and strong long-run adjustment mechanisms linking HIV infection, TB infection, and HIV/TB coinfection in Nasarawa State. The significant and correctly signed error correction term confirms long-run causality running from HIV and TB infections to HIV/TB coinfection, while the short-run coefficients highlight the dominant influence of HIV dynamics and the nuanced role of TB dynamics in shaping coinfection trends. These findings have important implications for integrated HIV-TB control strategies, emphasizing the need for coordinated short-term interventions alongside sustained long-term disease management policies.
As part of the post-estimation diagnostic checks for the Vector Error Correction Model (VECM) estimated in this study, the VECM Residual Serial Correlation Lagrange Multiplier (LM) test was conducted. This diagnostic test is essential for validating the adequacy of the specified lag length and ensuring that the residuals of the estimated model are free from serial correlation. The absence of serial correlation in the residuals is a key requirement for reliable statistical inference and robust interpretation of the estimated parameters. The VECM residual serial correlation LM test results is presented in Table 7.
Table 7: VECM Residual Serial Correlation LM Test Results
	Lags
	LM-Stat
	p-value

	1
	 4.0287
	 0.1975

	2
	 2.2081
	 0.2873

	3
	 2.5558
	 0.3391

	4
	 2.4220
	 0.2727

	5
	 7.4355
	 0.6219

	6
	 3.8202
	 0.3217

	7
	 3.1368
	 0.4928

	8
	 9.6739
	 0.8715

	9
	 2.4634
	 0.2121

	10
	 4.3389
	 0.1792

	11
	 3.4089
	 0.2952

	12
	 3.6682
	 0.3381


Table 7 presents the results of the VECM Residual Serial Correlation LM test for lag lengths ranging from 1 to 12. The null hypothesis of the LM test states that there is no serial correlation in the residuals up to the specified lag order. The results show that for all tested lag orders, the associated p-values are greater than the 5% significance level. Specifically, the p-values range from 0.1792 to 0.8715, indicating that the null hypothesis of no serial correlation cannot be rejected at any lag. This implies that the residuals of the estimated VECM do not exhibit autocorrelation. The LM statistics themselves are relatively small across all lags, further supporting the conclusion that the chosen lag length adequately captures the dynamic structure of the data. In particular, the absence of serial correlation even at higher lags suggests that no important dynamic information has been omitted from the model. Overall, the VECM Residual Serial Correlation LM test results confirm that the estimated model is well specified and dynamically stable. The lack of residual autocorrelation validates the earlier choice of the optimal lag length and supports the reliability of the VECM estimates and subsequent causality analysis. Consequently, the empirical findings on the long-run and short-run relationships between HIV infection, TB infection, and HIV/TB coinfection in Nasarawa State can be interpreted with a high degree of confidence.
3.7	Granger Causality Test Results
To further examine the direction of influence among HIV infection, TB infection, and HIV/TB coinfection in the short run, the Pairwise Granger causality test was conducted. Granger causality analysis complements the VECM results by identifying whether past values of one variable contain useful information for predicting another. This test provides empirical evidence on the predictive (causal) linkages among the differenced series of HIV infection (DHIV), TB infection (DTB), and HIV/TB coinfection (DHIV_TB). The pairwise Granger causality test result is presented in Table 8.
Table 8: Pairwise Granger Causality Test Results
	 Null Hypothesis
	No. of Observations
	F-Statistic
	p-value

	 DHIV does not Granger Cause DTB
	35

	8.74648
	0.0012

	 DTB does not Granger Cause DHIV
	
	1.21561
	0.3107

	 DTB does not Granger Cause DTB_HIV
	35

	5.42286
	0.0098

	 DTB_HIV does not Granger Cause DTB
	
	1.85676
	0.1737

	DHIV does not Granger Cause DHIV_TB
	35

	6.82635
	0.0074

	DTB_ HIV does not Granger Cause DHIV
	
	1.21975
	0.3095


Table 8 presents the pairwise Granger causality test results based on 35 observations. The null hypothesis in each case states that one variable does not Granger-cause the other.
The results indicate a unidirectional Granger causality from HIV infection to TB infection. Specifically, the null hypothesis that DHIV does not Granger-cause DTB is rejected, as the F-statistic (8.7465) is statistically significant with a p-value of 0.0012. Conversely, the null hypothesis that DTB does not Granger-cause DHIV cannot be rejected (p = 0.3107). This implies that past changes in HIV infection significantly help predict changes in TB infection, but not vice versa, in the short run. Similarly, there is evidence of unidirectional causality from TB infection to HIV/TB coinfection. The null hypothesis that DTB does not Granger-cause DTB_HIV is rejected (F = 5.4229, p = 0.0098), while the reverse causality from HIV/TB coinfection to TB infection is not supported (p = 0.1737). This finding suggests that short-run variations in TB infection significantly contribute to predicting changes in HIV/TB coinfection.
In addition, the results reveal a unidirectional Granger causality from HIV infection to HIV/TB coinfection. The null hypothesis that DHIV does not Granger-cause DHIV_TB is rejected (F = 6.8264, p = 0.0074), whereas the null hypothesis that DTB_HIV does not Granger-cause DHIV cannot be rejected (p = 0.3095). This indicates that changes in HIV infection precede and predict changes in HIV/TB coinfection in the short run. Overall, the Granger causality results provide strong evidence of one-way predictive linkages running from HIV infection to TB infection, from TB infection to HIV/TB coinfection, and from HIV infection directly to HIV/TB coinfection. The absence of reverse causality in all cases suggests that HIV infection plays a leading role in driving both TB infection and HIV/TB coinfection dynamics in Nasarawa State. These findings are consistent with epidemiological understanding and reinforce the need for HIV-centered interventions as a strategic entry point for reducing TB incidence and HIV/TB coinfection in the study area. This result agreed with the earlier findings of Kuhe and Ivande (2017), Ijiga (2018) and Ani et al. (2020).

4. Conclusion
This study established that HIV infection, tuberculosis (TB) infection, and HIV/TB coinfection in Nasarawa State are closely interconnected through both long-run equilibrium relationships and short-run causal dynamics. The findings showed that all three variables are integrated of order one and exhibit stable long-run cointegration, indicating that they move together over time despite short-term fluctuations. Long-run estimates further revealed that both HIV and TB infections significantly increase the burden of HIV/TB coinfection, with HIV exerting the strongest influence. The Vector Error Correction Model confirmed a rapid adjustment toward long-run equilibrium following short-run disturbances, while Granger causality analysis demonstrated unidirectional causal relationships running from HIV infection to TB infection, from HIV infection to HIV/TB coinfection, and from TB infection to HIV/TB coinfection. These results underscore the central role of HIV in driving the dynamics of TB and HIV/TB coinfection and reinforce the need for integrated disease control strategies rather than isolated interventions. Consequently, health authorities should strengthen integrated HIV-TB screening, diagnosis, treatment, and surveillance systems, prioritize HIV prevention programmes such as expanded antiretroviral therapy and community awareness campaigns, enhance routine TB screening among people living with HIV, improve harmonized disease surveillance and health information systems, and sustain long-term investment in healthcare infrastructure and coordinated public health interventions. Implementing these measures will contribute significantly to reducing the dual burden of HIV and TB and improving health outcomes in Nasarawa State, Nigeria.
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