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Abstract 
 

This study investigated the simultaneous occurrence of cardiovascular disease (CVD) and diabetes and 

examined the linear and non-linear effects of age, body mass index (BMI), smoking status, and physical 

activity on both outcomes while accounting for their possible dependence. Data from 315 participants were 

analysed using descriptive statistics, correlation analysis, logistic regression, and Vector Generalized 

Additive Models (VGAMs). The prevalence of CVD and diabetes was 23.81% and 40.95%, respectively, and 

the co-occurrence of both conditions was 15.24%. Logistic regression showed that age and BMI were 

significant predictors of diabetes, whereas none of the selected predictors had a statistically significant linear 

association with CVD. The VGAM identified a significant non-linear relationship between age and diabetes 

incidence (p = 0.0134), while the non-linear effects of age and BMI on CVD were not statistically significant. 

The estimated residual correlation parameter was 0.552, indicating moderate positive dependence between 

CVD and diabetes after adjustment for covariates. The diabetes prediction model showed reasonable 
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discriminatory ability (AUC = 0.76), whereas the CVD model showed poor discriminatory ability (AUC = 

0.51). The VGAM joint model also produced lower AIC and BIC values than the restricted independence 

model, and the likelihood ratio test confirmed significant dependence between the two outcomes (LRT = 

20.60, p < 0.001). These findings support the use of joint modelling for related cardiometabolic outcomes. 

 

 
Keywords:  Vector Generalized Additive Model (VGAM); Cardiovascular Disease (CVD); diabetes mellitus; 

prevalence; comorbidity analysis. 

 

1. Introduction 
 

Cardiovascular disease (CVD) and diabetes mellitus (DM) are important public health problems that are major 

causes of morbidity, mortality, and healthcare burden worldwide. According to Regassa et al. (2021), CVD 

comprises a group of disorders affecting the heart and blood vessels, including coronary heart disease (CHD), 

cerebrovascular disease, peripheral arterial disease, deep vein thrombosis, and pulmonary embolism. Diabetes 

mellitus, by contrast, is a chronic metabolic disorder associated with insulin resistance and a gradual decline in 

pancreatic β-cell function, resulting in poor glucose regulation. It is well established that diabetes and CVD 

often co-exist and that biological mechanisms and risk factors link the two conditions. Obesity has been 

recognised as a key factor connecting metabolic dysfunction, systemic inflammation, insulin resistance, and 

cardiovascular complications (Lopez-Jimenez et al., 2022). In addition, Piché et al. (2020) noted that differences 

in obesity phenotypes also have strong links to cardiometabolic risk, underlining the close relationship between 

obesity and cardiometabolic diseases. There are various risk factors for diabetes and CVD, some of which are 

modifiable, such as BMI, smoking, and physical inactivity, while others, such as age, are not. These factors 

affect disease progression in a complex and non-linear manner. Despite these relationships, current statistical 

methods have conventionally analysed diabetes and CVD as separate outcomes. Such separation restricts the 

scope for identifying common risk profiles, interdependence, and disease dynamics. With the global burden of 

cardiometabolic disease increasing, more integrative analytical models are needed to reflect real-world disease 

interactions. In this application, Vector Generalized Additive Models (VGAMs) offer a flexible and powerful 

approach for modelling several related response variables while supporting non-linear relationships between 

predictors and responses. Hence, this study is intended to model the incidence of cardiovascular disease and 

diabetes simultaneously using VGAMs, taking account of key factors that affect the risk of both diseases, 

including age, BMI, smoking status, and physical activity. This study aims to provide deeper insight into the 

joint dynamics, interaction effects, and non-linear relationships that underlie the development of these chronic 

conditions. Lopez-Jimenez et al. (2022) highlighted the growing literature showing that cardiovascular disease 

and diabetes share many similar risk factors. Obesity is a well-established risk factor for both diseases and is 

known to contribute to chronic inflammation, dyslipidaemia, and insulin resistance. In support of this, Piché et 

al. (2020) showed that disease heterogeneity in obesity phenotypes is reflected in different trends in 

cardiometabolic risk. Age is another important factor, as higher rates of both CVD and diabetes are significantly 

associated with older age. Cardiovascular complications are reported to be highly prevalent in older people with 

type 2 diabetes mellitus (T2DM) compared with their counterparts without T2DM (Regassa et al., 2021). 

Exercise is an important protective factor against cardiovascular disease and diabetes. Hu et al. (2005) adopted 

Cox proportional hazards regression to determine the effect of moderate and high levels of physical activity on 

cardiovascular and all-cause mortality in people with diabetes. According to Nagata et al. (2022), moderate-to-

vigorous physical activity (MVPA) from early adulthood through middle age is highly protective against 

metabolic diseases. Furthermore, Martinez-Gomez et al. (2019) showed that exercise was an effective 

intervention for lowering cardiovascular disease risk factors, even when participants did not lose weight. Qian et 

al. (2023) reported that the timing of moderate-to-vigorous physical activity was associated with changes in 

glycaemic control among adults with type 2 diabetes over a four-year follow-up period. 

 

Recent global evidence indicates that cardiovascular disease and diabetes remain major and increasing burdens, 

while high BMI, smoking, and related metabolic risks continue to contribute substantially to non-communicable 

disease outcomes (Mensah et al., 2023; GBD 2021 Diabetes Collaborators, 2023; GBD 2021 Risk Factors 

Collaborators, 2024). 

 

In type 2 diabetes, adiposity-related and atherogenic indices have also been linked to insulin resistance and 

cardiovascular risk, which supports the inclusion of BMI in the present joint modelling framework (Briggs et al., 

2025). 
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In addition, smoking is a significant modifiable risk factor for cardiovascular disease and diabetes. Smoking, 

obesity, and physical inactivity significantly decrease a person's healthy and disease-free life expectancy 

(Stenholm et al., 2016). For instance, Regassa et al. (2021) used multivariate logistic regression to determine 

factors associated with cardiovascular disease in diabetic patients. Similarly, Adeboye et al. (2020) used 

parametric and semi-parametric survival models to evaluate survival outcomes among patients with asthma, 

demonstrating the importance of advanced regression-based survival techniques in medical research. They 

found that parametric models, especially the log-normal model, predicted patients' survival better than the Cox 

proportional hazards model when modelling survival experiences. Similarly, Aako et al. (2022) used survival 

modelling techniques to identify prognostic factors among breast cancer patients in a tertiary hospital in Nigeria. 

The study applied Kaplan-Meier estimation, Cox regression analysis, Weibull and log-logistic models, and 

found that tumour stage and treatment methods were important factors affecting patient survival. These studies 

emphasise the increasing use of regression and survival analysis in the study of disease progression and health 

outcomes. 

 

Recent preventive-care literature further supports integrated screening and lifestyle-based intervention across 

obesity, diabetes, and CVD, reinforcing the relevance of analysing these conditions within a common 

cardiometabolic framework (Josiah et al., 2026). 

 

Additionally, Hossain et al. (2023) introduced a multi-disease comorbidity prediction framework that considers 

diabetes, hypertension, and cardiovascular risk trajectories, highlighting the need to model interdependencies 

among diseases. Currently, however, most analyses either consider only one outcome or are unable to fully 

account for non-linear relationships and interactions between predictor variables. This limitation reduces their 

capacity to address the complexity of cardiometabolic diseases. Analytical methods that can model multiple 

correlated outcomes simultaneously are needed to handle the complexity and interrelatedness of cardiovascular 

disease and diabetes. Generalized Additive Models (GAMs) extend generalized linear models by including 

smooth, non-linear functions of predictors and modelling multiple response variables simultaneously. VGAMs 

extend GAMs to multiple response variables that include smooth, non-linear functions of predictors. 

Generalized additive models have been shown to model flexible non-linear effects in epidemiological and 

biomedical data sets; however, few studies have applied these models to multivariate disease models. A great 

deal of research has been conducted on factors affecting cardiovascular disease and diabetes, but gaps remain in 

the literature. Existing research largely examines these conditions individually rather than jointly and often does 

not account for the interdependencies and common mechanisms underlying them. In addition, few studies have 

focused on the non-linear relationships between key predictors and disease outcomes, and interaction effects 

among risk factors are generally ignored. Moreover, only a small number of studies have used sophisticated 

multivariate modelling techniques such as VGAMs that can model correlated responses. Thus, the specific 

research gap addressed in this study is the limited use of a simultaneous modelling strategy that can evaluate 

correlated CVD and diabetes outcomes while allowing possible non-linear effects of age and BMI and 

interaction effects among behavioural risk factors. This study is designed to overcome these limitations and uses 

a simultaneous modelling approach that captures both the complexity and interrelatedness of cardiometabolic 

diseases. 

 

2. Methodology 
 

2.1 Models Specification and Estimation 
 

The effects of selected risk factors on the prevalence of cardiovascular disease (CVD) and diabetes were 

investigated using cross-sectional data obtained from patients attending one Federal Medical Centre and two 

State Government Hospitals with the help of binary logistic regression and Vector Generalized Additive Models 

(VGAMs). A purposive sampling method was used to ensure that participants were drawn from the eligible 

study population, and participants with incomplete information on the variables of interest were excluded from 

the analysis. The explanatory variables included age (years), BMI (kg/m²), smoking status (smoker/non-

smoker), and physical activity (physically active/inactive), while the disease ou tcomes were coded as binary 

variables (1 = disease present, 0 = disease absent). The probability of disease occurrence for each disease 

outcome was estimated using binary logistic regression, and the VGAM framework was used to model the 

correlated binary disease outcomes and account for possible non-linear relationships between the explanatory 

variables and response variables. All statistical analyses were conducted with R statistical software using binary 

logistic regression and Vector Generalized Additive Models. 
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2.2 Multiple Binary Logistic Regression Model  
 

The multiple binary logistic regression model was employed to estimate the probability of cardiovascular 

disease (CVD) or diabetes based on selected risk factors. Since the response variable is binary, the logit link 

function was used to relate the probability of disease occurrence to the explanatory variables. The model is 

expressed as: 
 

𝑙𝑜𝑔 (
𝑃𝑖

1−𝑃𝑖
) = 𝛽0 + 𝛽1𝐴𝐺𝐸𝑖 + 𝛽2𝐵𝑀𝐼𝑖 + 𝛽3𝑆𝑀𝑂𝐾𝐼𝑁𝐺𝑖 + 𝛽4𝑃𝐴𝑖                                (1) 

 

𝜂𝑖 = 𝑙𝑜𝑔 (
𝑃𝑖

1−𝑃𝑖
)                                      (2) 

 

The corresponding probability function is given by: 
 

𝑃𝑖 =
𝑒𝛽0+𝛽1𝐴𝐺𝐸𝑖+𝛽2𝐵𝑀𝐼𝑖+𝛽3𝑆𝑀𝑂𝐾𝐼𝑁𝐺𝑖+𝛽4𝑃𝐴𝑖

1+𝑒𝛽0+𝛽1𝐴𝐺𝐸𝑖+𝛽2𝐵𝑀𝐼𝑖+𝛽3𝑆𝑀𝑂𝐾𝐼𝑁𝐺𝑖+𝛽4𝑃𝐴𝑖
                                    (3) 

 

where, 𝑃𝑖 is the probability of disease occurrence for participant 𝑖, 𝛽0 is the intercept, and 𝛽1, 𝛽2, 𝛽3, 𝛽4 are regression coefficients 

associated with Age, BMI, Smoking and PA, respectively, where 𝜂𝑖 represents the linear predictor (log-odds of 

disease occurrence). The regression coefficients measure the effect of each predictor on the log-odds of disease 

while holding the other variables constant. 
 

2.3 Vector Generalized Additive Models (VGAM) 
 

The correlated binary outcomes of cardiovascular disease and diabetes were modelled jointly using the Vector 

Generalized Additive Model (VGAM) to capture potential non-linearity between the continuous predictor 

variables and the disease variables. The general form of the VGAM is given by 
 

𝑔𝑖(𝜇𝑗) = 𝜂𝑗 = 𝛽0𝑗 + ∑ 𝑓𝑘(𝑥𝑘)
𝑝
𝑘=1                                                   (4) 

 

Furthermore, this study re-expressed the VGAM as: 
 

𝜂𝑗 = 𝛽0𝑗 + 𝑓1(𝐴𝐺𝐸𝑖) + 𝑓2(𝐵𝑀𝐼𝑖) + 𝛽3𝑗𝑆𝑀𝑂𝐾𝐼𝑁𝐺𝑖 + 𝛽4𝑗𝑃𝐴𝑖                                        (5) 
 

where,  

 

𝑔𝑖(. )  represent the link function, 𝜇𝑗  denotes the expected response for disease outcome  𝑗 , 𝑓𝑘(. )  represents 

smooth functions of the explanatory variables, 𝜂𝑗  is the linear predictor for disease outcome 𝑗 (CVD or 

Diabetes), 𝛽0𝑗  represents the intercept parameter, 𝑓1(𝐴𝐺𝐸𝑖) and 𝑓2(𝐵𝑀𝐼𝑖) denote the smooth spline functions for 

age and BMI, 𝑆𝑀𝑂𝐾𝐼𝑁𝐺𝑖   represents smoking status, 𝑃𝐴𝑖  represents physical activity status and 𝑗 = 1, 2, … 

represent CVD and diabetes.  

 

2.4 Smooth Non-linear Function Models 
 

The smoothing functions in the VGAM framework from equations (4) and (5) were approximated by spline-

based smoothing functions. 

 

𝑆(𝑥) = ∑ 𝛼𝑚
𝑀
𝑚=1 𝐵𝑚(𝑥)                                                                (6) 

 

where 𝛼𝑚 represents the corresponding spline coefficients,  𝐵𝑚(𝑥) denotes the spline basis functions, 𝑀 is the 

number of spline basis functions. 

 

Consequently, the smooth functions for age and BMI are written as 

 

𝑆(𝐴𝐺𝐸𝑖) = ∑ 𝛼𝑚
𝑀
𝑚=1 𝐵𝑚(𝐴𝐺𝐸𝑖)                                                                  (7) 

 

𝑆(𝐵𝑀𝐼𝑖) = ∑ 𝛼𝑚
𝑀
𝑚=1 𝐵𝑚(𝐵𝑀𝐼𝑖)                                                                (8) 
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These spline functions allow the relationship between the continuous predictors and the disease outcomes to be 

estimated without imposing a strict linear assumption. 

 

2.5 Model Evaluation and Selection 
 

To assess the predictive performance and goodness-of-fit of the fitted models, several model evaluation criteria 

were employed, including the receiver operating characteristic (ROC) curve, the area under the ROC curve 

(AUC), Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), and the likelihood ratio test 

(LRT). 

 

2.5.1 Receiver Operating Characteristic (ROC) model – AUC 
 

The ROC curve is used to evaluate classification performance at different thresholds. The area under the curve 

(AUC) is given as: 

 

𝐴𝑈𝐶 = ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅−1(𝑥))
1

0
𝑑𝑥                                                                                                        (9) 

 

TPR denotes the true positive rate (sensitivity), and FPR denotes the false positive rate (1 - specificity). 

An AUC value close to one indicates excellent predictive performance, whereas a value close to 0.5 suggests no 

better classification than random chance. 

 

2.5.2 Akaike Information Criterion (AIC) and Bayesian Information (BIC) 
 

Model selection and comparison were performed using the Akaike Information Criterion (AIC) and Bayesian 

Information Criterion (BIC). The AIC is computed as 

 

𝐴𝐼𝐶 = −2 log(𝐿) + 2𝑘                                                                                                                       (10) 

 

 

The Bayesian Information Criterion (BIC) is expressed as 

 

𝐵𝐼𝐶 = −2 log(𝐿) + 𝑘𝑙𝑜𝑔(𝑛)                                                           (11)  

 

𝐿 denotes the likelihood function, 𝑘 represents the number of estimated parameters, and n denotes the sample 

size. Models with smaller AIC and BIC values are considered to provide a better balance between model fit and 

complexity for model selection.  

 

2.5.3 Likelihood Ratio Test (LRT) 
 

The likelihood ratio test (LRT) is used to compare nested competing models. The test statistic is given as           

 

     𝐿𝑅𝑇 = −2[log(𝐿0) − log(𝐿1)]                                                                                                     (12) 

 

𝐿0 denotes the likelihood of the null model, and 𝐿1denotes the likelihood of the alternative model. Under the 

null hypothesis, the LRT statistic follows a chi-square distribution with degrees of freedom equal to the 

difference in the number of estimated parameters between the competing models. A statistically significant 

result indicates that the alternative model provides a significantly better fit to the data than the null model. 

 

3. Results 
 

The findings of the study are presented in this section. To assess the prevalence, distribution, and co-occurrence 

of CVD and diabetes in the study sample, descriptive analyses were performed first. Subsequently, logistic 

regression and Vector Generalized Additive Models (VGAMs) were used to examine the relationships between 

age, BMI, smoking status, physical activity, and disease occurrence. The fitted models were also compared with 

respect to their predictive performance and adequacy using ROC analysis, AUC, AIC, BIC, and likelihood ratio 

tests. 
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Table 1. Prevalence of CVD, Diabetes, and Their Co-occurrence 

 

Disease Condition                  Prevalence (%) 

Cardiovascular Disease (CVD)                  23.81 

Diabetes                  40.95 

Joint Prevalence of CVD and Diabetes                  15.24 
Source: Rstudio Computation 

 

Table 1 shows that the prevalence of cardiovascular disease (CVD) was 23.81% and that of diabetes was 

40.95% among the study population. In addition, 15.24% of participants had both diabetes and CVD, showing a 

considerable degree of comorbidity among participants. Based on these results, the population faced a high 

burden of chronic cardiometabolic diseases, and integrated risk assessment and prevention strategies are 

warranted. 

 

Table 2. Cross-tabulation of CVD and Diabetes Status Among Participants 

 

CVD Status         Diabetes = 0          Diabetes = 1     Total 

No CVD (0)         159          81      240 

CVD Present (1)         27          48      75 

Total         186          129       315 
Source: Rstudio Computation 

 

The distribution of cardiovascular disease (CVD) and diabetes among the 315 participants in the study is shown 

in Table 2. A higher proportion of participants (50.48%) did not have either condition, 25.71% had diabetes 

alone, and 8.57% had CVD alone. Comorbidity between CVD and diabetes was found in 48 (15.24%) 

participants. Moreover, 64.0% of those diagnosed with CVD had diabetes, compared with 37.2% of those 

diagnosed with diabetes who had CVD, indicating that diabetes occurred more frequently in individuals with 

CVD. 

 

 
 

Fig. 1. Age Distribution by CVD Status             Fig. 2. Age Distribution by Diabetes Status 

 

In Figs. 1 and 2, the distributions are positively associated with cardiovascular disease (CVD) and diabetes, 

respectively. The age distribution of diabetic patients is mostly skewed, with the majority of patients in the older 

age groups (around 60-70 years), compared with non-diabetic patients, who are in the younger age groups (30-

40 years), indicating a higher prevalence of diabetes with age. Likewise, the age distributions of individuals with 

CVD are older than those of individuals without CVD, but the overlap between the distributions is larger, 

suggesting that the separation between individuals with and without CVD is weaker. In general, the results 

indicate that age is a risk factor for both diabetes and cardiovascular disease, and that the association appears to 

be stronger for diabetes than for cardiovascular disease. 
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Fig. 3. BMI Distribution by CVD Status                Fig. 4. BMI Distribution by Diabetes Status 

 

For BMI, the distribution plots shown in Figs. 3 and 4 indicate a positive relationship with both cardiovascular 

disease (CVD) and diabetes. The BMI distribution is shifted to the right in individuals with diabetes, as 

evidenced by higher densities in the overweight and obese BMI categories, reflecting a strong association 

between high BMI and diabetes prevalence. Likewise, there is a small difference in BMI values between those 

with and without CVD, but there is considerable overlap in BMI distribution between the groups. The greater 

separation for diabetes implies that, in the study population, BMI might be a better predictor of diabetes than of 

CVD. In conclusion, excess body weight is an important cardiometabolic risk factor linked to both diabetes and 

cardiovascular disease. 

 

Table 3. Prevalence of Cardiovascular Disease (CVD) and Diabetes by Smoking Status and Physical 

Activity Level 

 

Smoking 

Status 

 Physical 

Activity 
Sample Size 

CVD Prevalence 

(%) 

Diabetes 

Prevalence (%) 

Non-smoker  Inactive 124 25 38.7 

Non-smoker  Active 141 22.7 42.6 

Smoker  Inactive 19 31.6 36.8 

Smoker  Active 31 19.4 45.2 
Source: Rstudio Computation 

 

The prevalence of cardiovascular disease (CVD) and diabetes according to smoking and physical activity groups 

is presented in Table 3. The highest prevalence of CVD was observed among inactive smokers (31.6%), and the 

lowest prevalence was observed among active smokers (19.4%). Among non-smokers, there was little 

difference in CVD prevalence between inactive and active participants, with inactive participants having a 

slightly higher prevalence of CVD (25.0%) than active participants (22.7%), suggesting that physical inactivity 

may be linked to a higher burden of CVD. Diabetes prevalence differed less across groups, ranging from 36.8% 

among inactive smokers to 45.2% among active smokers, with the highest prevalence among active smokers. 

The prevalence of both CVD and diabetes varied across smoking and physical activity categories, but the 

differences observed here were not statistically significant. A more detailed model and statistical analysis were 

therefore needed to determine the independent and/or combined effects of smoking status and physical activity 

on the prevalence of CVD and diabetes. 

 

The correlation analysis in Fig. 5 and Table 4 shows important relationships between the variables studied. Age 

showed a moderate positive correlation with BMI (r = 0.378) and diabetes (r = 0.377), signifying a moderate 

correlation between age, BMI, and diabetes among older people. BMI also had a slight positive correlation with 

diabetes (r = 0.242), indicating that greater BMI may be associated with impaired metabolism and a higher risk 

of diabetes. In addition, there was a positive correlation between the two chronic conditions, namely CVD and 

diabetes (r = 0.262), suggesting a weak-to-moderate comorbidity association between the two. On the other 

hand, the correlations between CVD and age (r = -0.008) and BMI (r = -0.010) were non-significant, suggesting 

that the linear relationships between these variables and CVD may be limited in the study sample. Therefore, the 

current dataset indicates that diabetes has a stronger association with age and BMI than CVD does. The positive 
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correlation between the two diseases, CVD and diabetes, observed here further justifies the use of a joint 

modelling framework, such as the Vector Generalized Additive Model (VGAM), which considers dependence 

between correlated disease outcomes. 

 

 
 

Fig. 5. Correlation Heat-map Plot of Age, BMI, CVD, and Diabetes 

 

Table 4. Correlation Matrix for Age, BMI, CVD, and Diabetes 

 

Variables Age BMI CVD Diabetes 

Age 1 0.378 -0.008 0.377 

BMI 0.378 1 -0.01 0.242 

CVD -0.008 -0.01 1 0.262 

Diabetes 0.377 0.242 0.262 1 

Source: Rstudio Computation 

 

Table 5. Univariate Logistic Regression Model for Cardiovascular Disease (CVD) 

 

Predictor Estimate ((𝜷)) Standard Error z-value p-value 

Intercept -0.8977 0.6578 -1.365 0.172 

Age -0.0013 0.008 -0.157 0.875 

BMI -0.0038 0.0257 -0.149 0.881 

Smoking (Smoker) 0.0292 0.3628 0.081 0.936 

Physical Activity (Active) -0.2164 0.2671 -0.81 0.418 
Source: Rstudio Computation 

 

The univariate logistic regression model shown in Table 5 was used to evaluate the effects of age, BMI, 

smoking, and physical activity on the prevalence of cardiovascular disease (CVD). The results showed that none 

of the explanatory variables was statistically significant at the 5% level. Age (p = 0.875) and BMI (p = 0.881) 

showed very slight negative associations with the likelihood of CVD, suggesting that differences in age and 

body mass index did not significantly explain the occurrence of cardiovascular disease in the study population. 

Smoking status was not significantly associated with the development of CVD and had a very small positive 

coefficient (β = 0.0292, p = 0.936), indicating that smokers were slightly more likely than non-smokers to 

develop CVD. Physical activity had a negative association with CVD (β = -0.2164, p = 0.418), suggesting that 

physically active participants had a lower likelihood of developing cardiovascular disease than inactive 

participants, although this association was not statistically significant. In addition, the results indicate that the 

influence of the selected predictors on the occurrence of CVD in the study sample was not sufficiently strong in 

the linear model; therefore, the use of more flexible models, such as VGAMs that can account for possible non-

linear relationships and interactions between predictors, is recommended. 
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Table 6. Univariate Logistic Regression Model for Diabetes Incidence 

 

Predictor Estimate ((𝜷)) Standard Error z-value p-value 

Intercept -3.8732 0.6709 -5.773 <0.001 *** 

Age 0.0427 0.0077 5.532 <0.001 *** 

BMI 0.0493 0.0234 2.102 0.0355 *  

Smoking 

(Smoker) 
0.0582 0.3399 0.171 0.864 

Physical Activity               

(Active) 
0.4227 0.2557 1.653 0.0983 .  

Source: Rstudio Computation 

 

The univariate logistic regression model in Table 6 was used to investigate the impact of age, BMI, smoking, 

and physical activity on the occurrence of diabetes. The findings indicated that age and BMI were statistically 

significant at the 5% level of significance for diabetes. In particular, diabetes incidence was positively 

associated with age (p < 0.001, β = 0.0427), suggesting that diabetes incidence was higher as age increased. 

Similarly, BMI had a positive and statistically significant relationship with diabetes (β = 0.0493, p = 0.0355), 

meaning that people with higher BMI values were at greater risk of developing diabetes. Smoking status had a 

small positive coefficient (β = 0.0582, p = 0.864), but this effect was not statistically significant; therefore, there 

was insufficient evidence of an independent effect of smoking on the occurrence of diabetes in the study 

population. Physical activity showed a positive association with diabetes (β = 0.4227, p = 0.0983), which was 

marginally significant at the 10% level and may indicate a relationship between physical activity status and 

diabetes incidence. Therefore, the results show that age and BMI are significant factors for diabetes incidence, 

while smoking and physical activity showed less significant associations in the fitted linear logistic model. This 

supports the justification for using VGAMs as more flexible approaches to test potential non-linear effects and 

interactions among the predictors. 

 

Table 7. VGAM Bivariate Model Results for Simultaneous Modeling of CVD and Diabetes 

 

Predictor 
CVD Equation ((𝝁𝟏)) 

Coefficient 

Diabetes Equation ((𝝁𝟐)) 

Coefficient 

Intercept -0.6689 -2.2602 

Smooth Age Effect (s(age)) 0.0001 0.026 

Smooth BMI Effect (s(bmi)) 0.0006 0.0259 

Smoking (Smoker) 0.2088 0.0141 

Physical Activity (Active) -0.0974 0.2525 

Smoking × Physical Activity -0.3582 0.0764 

Residual Correlation Parameter ((𝜌))  {1.2426 (rhobit scale)} 
Source: Rstudio Computation 

 

Table 8. Approximate Chi-Square Tests for Nonlinear Effects in the VGAM Model 

 

Smooth Term Disease Outcome Chi-Square Statistic p-value 

      (s(age)) CVD          2.133 0.5398 

      (s(age)) Diabetes         10.701 0.0134 

      (s(bmi)) CVD         1.8262 0.6052 

      (s(bmi)) Diabetes         3.7396 0.2789 
Source: Rstudio Computation 

 

Tables 7 and 8 present the VGAM fitted to jointly model the incidence of cardiovascular disease (CVD) and 

diabetes with possible dependence between the two outcomes. Smooth non-linear effects of age and BMI, as 

well as smoking status, physical activity, and smoking status × physical activity interaction effects, were 

incorporated into the model. The results showed that the non-linear effect of age on diabetes was statistically 

significant (χ^2 = 10.701, p = 0.0134), which means that the risk of diabetes changes non-linearly across age 

levels. The non-linear effect of age on CVD, however, was not significant (p = 0.5398). The same applied to the 

smooth BMI effects for both chronic conditions, which were not statistically significant, although BMI had 

relatively stronger positive effects on diabetes than on CVD. There was a stronger positive relationship between 
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smoking and CVD, and a slightly protective association between physical activity and CVD, compared with 

diabetes. Smoking and physical activity were found to have a negative association with CVD, indicating that 

physical activity may partially buffer the harmful effect of smoking on cardiovascular health. Moreover, the 

positive residual correlation parameter supported the use of the joint modelling framework, as the explanatory 

variables were not the only influences in the model. The positive residual correlation also suggested that a 

positive association between CVD and diabetes remained after controlling for the explanatory variables. Thus, 

the role of age in diabetes incidence is complex and non-linear, and the concurrent incidence of both diseases 

indicates shared underlying risk mechanisms and the potential value of integrated prevention and healthcare 

intervention strategies. Using the estimated coefficients of the VGAM bivariate model, the simultaneous models 

for CVD and diabetes can be expressed as follows (recall equations (4) and (5)): 

 

Estimated VGAM Bivariate Model for CVD and Diabetes: 

 

𝜼𝑪𝑽𝑫 = −0.6689 + 0.0001𝑠(𝐴𝑔𝑒) + 0.0006𝑠(𝐵𝑀𝐼) + 0.2088(𝑆𝑚𝑜𝑘𝑖𝑛𝑔) −
                  0.0974(𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦) −  0.3582(𝑆𝑚𝑜𝑘𝑖𝑛𝑔 × 𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦)              (13) 

 

𝜼𝑫𝒊𝒂𝒃𝒆𝒕𝒆𝒔 = −2.2602 + 0.0260𝑠(𝐴𝑔𝑒) + 0.0259𝑠(𝐵𝑀𝐼) + 0.0141(𝑆𝑚𝑜𝑘𝑖𝑛𝑔) +
                      0.2525(𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦) + 0.0764(𝑆𝑚𝑜𝑘𝑖𝑛𝑔 × 𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦)                           (14) 

 

where, 𝜼𝑪𝑽𝑫 and 𝜼𝑫𝒊𝒂𝒃𝒆𝒕𝒆𝒔 are the linear predictors for CVD and diabetes incidence.  

 

Table 9. Estimated Residual Correlation Parameter from the VGAM Bivariate Mode 

 

Parameter                 Estimate 

Linear Predictor for Correlation ((𝜂𝜌))                 1.2426 

Residual Correlation ((𝜌))                 0.552 
Source: Rstudio Computation 

 

After adjusting for age, BMI, smoking status, physical activity, and their interactions, the estimated residual 

correlation parameter in Table 9 was ρ = 0.5520, suggesting a moderately strong positive correlation between 

cardiovascular disease (CVD) and diabetes. This suggests that the two diseases are not statistically independent 

and that significant unexplained variation remains in both diseases after adjustment for the observed predictors. 

The residual dependence indicates that unobserved risk factors or common biological pathways may underlie 

the co-occurrence of both diseases, such as metabolic dysfunction, inflammation, genetics, or lifestyle-related 

factors that were not explicitly represented in the model. This further indicates that people with one condition 

are more likely to have the other condition, with the likelihood increasing as the strength of the correlation 

increases. The outcome confirms that using a multivariate joint modelling approach, such as the VGAM 

bivariate model, is preferable to separate independent logistic regression models. 

 

 
 

Fig. 6. Non-linear Effects of Age on the Predicted Predicted Probability of CVD 
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Fig. 7. Non-linear Effects of Age on the Probability of Diabetes 

           

The estimated smooth effects of age on the probability of cardiovascular disease (CVD) and diabetes, 

respectively, are shown in Figs. 6 and 7. The relationship between age and CVD is not linear, as shown in Fig. 

6: the predicted risk of CVD decreases from younger ages, reaches a minimum around 65-68 years, and then 

gradually increases at older ages. The curvature of age in relation to CVD prevalence, however, was not 

statistically significant (p = 0.5398), and thus the observed age effect was not sufficient to conclude that there 

was a meaningful non-linear age effect in the study population. In contrast, the statistically significant non-linear 

relationship between age and diabetes in Fig. 7 shows that the predicted probability of diabetes rises steadily 

with age, peaks at about 65-70 years, and then decreases slightly at older ages. This finding further suggests that 

age is an important parameter to consider in assessing diabetes prevalence, implying that the risk of diabetes 

generally tends to rise with age, possibly reflecting age-related changes in metabolism and body physiology that 

affect glucose regulation. 

 

 

Fig. 8. U-shaped non-linear relationship between       Fig. 9. Inverted U-shaped non-linear BMI and    

cardiovascular disease (CVD) risk         relationship between BMI and diabetes risk 

 

As seen in Fig. 8, the association between BMI and the risk of CVD is U-shaped. BMI levels of around 66% 

have a predicted probability of just below 41% for CVD, while higher BMI levels have a predicted probability 

of over 60%. The pattern indicates that lower and higher BMI values might correspond to increased predicted 

probabilities of CVD, while moderate BMI values might be associated with decreased predicted probabilities of 

CVD. To assess the possible non-linear association between BMI and cardiovascular outcomes, non-linear terms 

should be explored to reflect the shape of the curve. However, the results shown in Table 8 indicate that the non-

linear effect of BMI was not significant. Thus, the observed U-shaped curve should not be taken as definitive 

proof of a meaningful non-linear association between BMI and the risk of CVD. Fig. 9 illustrates a non-linear 

relationship between diabetes risk and BMI, which appears to be inverted U-shaped. The risk of developing 

diabetes continues to increase with each successive BMI value until about BMI 32-33, at which point the risk 

approaches 41%, and then tapers off as BMI increases further. This pattern suggests that those with moderate to 

high BMI levels have the greatest risk of being diagnosed with diabetes, while those with low BMI and very 

high BMI have relatively lower risks. The bend in the observed relationship indicates that the relationship 

between BMI and diabetes is not strictly linear but instead has a statistical non-linearity. 
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Fig. 10. Interaction Effect of Age and Smoking Status on Predicted Probability of CVD 

 

 
 

Fig. 11. Interaction Effect of Age and Smoking Status on Predicted Probability of Diabetes 

 

The interaction effects between age and smoking status on the predicted probabilities of CVD and diabetes are 

shown in Figs. 10 and 11, respectively, using the VGAM. The relationships between age and disease incidence 

are clearly non-linear, suggesting that the impact of age on both CVD and diabetes is not linear throughout the 

lifespan. The predicted probability of CVD is seen to decline gradually with age from younger ages to around 

65-68 years and then rise again at older ages, creating a U-shaped curve for both smokers and non-smokers in 

Fig. 10. The fitted curves for smokers and non-smokers are similar in shape, with smokers having slightly lower 

predicted probabilities than non-smokers; however, the similarity of the curves indicates that age is a more 

important determinant of cardiovascular risk than smoking status alone in this dataset. The predicted probability 

of diabetes rises gradually with age, reaches a maximum at about 65-70 years, and then decreases slightly with 

age for both smoking groups, suggesting that the risk of diabetes is higher with increasing age because of 

cumulative metabolic and physiological changes. In both figures, the curves for smokers and non-smokers are 

very close, indicating that the interaction effects between age and smoking status are not large, although 

smoking still plays a role in variation in disease risk. These patterns are relevant to the research objectives of the 

study, which are to explore non-linear and interaction effects among the predictors within the VGAM 

framework. 

 

Fig. 12 shows the joint predicted probability of having both CVD and diabetes for physically inactive smokers, 

based on the fitted VGAM. It shows clear non-linear trends in the risk of joint disease across combinations of 

age and BMI. Lighter colours correspond to higher joint probabilities and are mostly seen at younger and older 

age ranges and at very low or very high BMI values, suggesting higher combined disease susceptibility in these 

ranges. By contrast, darker areas clustered around middle-to-late adulthood and moderate BMI levels suggest 

relatively low joint risk. The smooth transitions between heat-map cells indicate that the interaction between age 

and BMI in the co-occurrence of CVD and diabetes is complex and non-linear rather than constant across the 

predictor space. From a statistical perspective, these results emphasise the interplay between demographic and 

lifestyle-related risk factors in determining chronic disease comorbidity and reinforce the positive residual 

dependence observed in the VGAM bivariate model. 
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Fig. 12. Joint Predicted Probability of CVD and Diabetes among Smokers and Physically Inactive 

Individuals 

 

Table 10. Model Performance Evaluation 

 

Outcome AUC 

CVD 0.5099 

Diabetes 0.7598 
Source: Rstudio Computation 

 

 
 

Fig. 13. ROC Curves for Cardiovascular Disease (CVD) and Diabetes Prediction Model 

 

Table 10 and Fig. 13 show the model performance evaluation, ROC curves, and AUC values for the predictive 

models of CVD and diabetes. The AUC for the CVD model was 0.51, indicating very poor discriminative 

ability and performance only slightly better than random classification. The ROC curve is close to the diagonal, 

indicating limited ability to correctly distinguish between those with and without CVD. The diabetes model, 

however, had an AUC of 0.76, indicating acceptable-to-good predictive accuracy. The ROC curve for diabetes 

is well above the diagonal line, indicating good sensitivity-specificity trade-offs and good overall classification 

accuracy. Therefore, these results show that the discriminatory power and reliability of the diabetes prediction 

model are higher than those of the CVD model. 
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Table 11. Model Comparison 

 

Model AIC        BIC 

VGAM Joint Model 710.97       752.25 

Restricted Independence Model 718.1       811.4 
Source: Rstudio Computation 

 

The model comparison in Table 11, based on AIC and BIC, indicates that the VGAM joint model outperformed 

the restricted independence model. The VGAM joint model had a smaller AIC (710.97) and BIC (752.25) than 

the restricted independence model, indicating that the model fitted better and was more statistically efficient. 

Overall, these findings suggest that joint modelling is a more appropriate approach for capturing the dependence 

and co-occurrence between cardiovascular disease and diabetes in the study population. 

 

Table 12. Likelihood Ratio Test 

 

Statistic                                        Value 

LRT Statistic                                       20.6037 

Degrees of Freedom                                        1 

P-value                                       0.000006 
Source: Rstudio Computation 

The likelihood ratio test presented in Table 12 supported the VGAM joint model and revealed a statistically 

significant dependence between cardiovascular disease and diabetes (LRT = 20.60, p < 0.001), indicating the 

presence of shared latent risk mechanisms. Increasing age, elevated BMI, smoking, and physical inactivity were 

associated with increased disease risk. 

 

4. Summary of Findings 
 

In this study, a VGAM framework was adopted to examine the co-occurrence of CVD and diabetes, and it found 

a significant burden of cardiometabolic disease among the study population. The prevalence analysis revealed 

that 23.81% of the participants had CVD, 40.95% had diabetes, and 15.24% had both conditions, suggesting a 

high level of comorbidity. Cross-tabulation also showed high co-occurrence of the diseases, with about 64% of 

those with CVD also having diabetes. The correlation analysis showed a positive correlation between age, BMI, 

diabetes, and CVD, with the highest correlation between age and diabetes. The univariate logistic regression 

model showed that age and BMI were significant predictors of diabetes incidence, while none of the predictors 

had statistically significant linear effects on the occurrence of CVD, indicating that the relationship between the 

predictors and disease outcomes might be more complex than conventional linear models can explain. The 

VGAM bivariate model therefore provided more insight, as it showed a significant non-linear effect of age on 

diabetes incidence, but not on CVD. Smoking was more strongly associated with CVD than with diabetes, and 

physical activity was protective against cardiovascular disease. Importantly, the estimated residual correlation 

coefficient (ρ = 0.552) showed a moderate positive correlation between CVD and diabetes after adjusting for 

age, BMI, smoking status, and physical activity, confirming the presence of shared underlying risk mechanisms. 

The VGAM joint model also performed better than the restricted independence model in terms of lower AIC 

and BIC values, and the likelihood ratio test demonstrated statistically significant dependence between the two 

diseases. The diabetes model had good discriminatory ability (AUC = 0.76), while the CVD model had poor 

predictive accuracy (AUC = 0.51). Overall, these results show that the effects of age, BMI, smoking, and 

physical activity on the risk of CVD and diabetes differ and highlight the need for joint modelling approaches in 

cardiometabolic disease analysis. The findings of this study are broadly in line with recent literature on 

cardiovascular disease, diabetes, and cardiometabolic multimorbidity. The positive residual dependence found 

in this study is consistent with Han et al. (2024), who reported that lifestyle factors and metabolic health are 

associated with cardiometabolic multimorbidity, and Gupta et al. (2025), who described obesity, metabolic 

syndrome, diabetes, and cardiovascular diseases as interconnected conditions. The strong non-linear association 

of age with diabetes is also consistent with Jiang et al. (2024) and Zhang et al. (2025), who linked biological 

ageing to cardiometabolic multimorbidity and incident type 2 diabetes. Likewise, the positive correlation 

between BMI and diabetes is consistent with Han et al. (2024) and Gupta et al. (2025), who identified excess 

adiposity and obesity-related mechanisms as relevant to cardiometabolic disease. In addition, the positive 

residual dependence between CVD and diabetes is consistent with Cheng et al. (2024) and Wang et al. (2025), 

who reported that chronic low-grade inflammation, insulin resistance, and dyslipidaemia are associated with 
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cardiometabolic multimorbidity. The superior performance of the VGAM joint model also lends support to 

recent methodological research that has promoted joint modelling approaches for correlated chronic diseases, as 

these approaches can better account for shared disease pathways and outcome dependence than separate 

regression models. 

 

5. Conclusion 
 

In this study, a Vector Generalized Additive Model (VGAM) was used to explore the interaction and 

dependence between cardiovascular disease (CVD) and diabetes. The results indicated that diabetes was more 

common than CVD, and a significant proportion of participants had both conditions. The selected predictors did 

not have statistically significant linear associations with CVD, while logistic regression analysis revealed that 

age and body mass index (BMI) were significant predictors of diabetes. The VGAM also revealed a significant 

non-linear effect of age on diabetes, showing the importance of flexible modelling methods for identifying 

complex disease patterns. The estimated residual correlation parameter, adjusted for age, BMI, smoking, and 

physical activity, indicated moderate positive dependence between CVD and diabetes. The diabetes model had 

good discriminatory ability (AUC = 0.76), while the CVD model had poor predictive ability (AUC = 0.51), 

suggesting the need for additional risk factors to better predict CVD. These results indicate that chronic 

conditions such as CVD and diabetes may be related and may share common risk patterns. The study also shows 

that the VGAM framework is a useful analytical tool for modelling multiple correlated disease outcomes, with 

the possibility of uncovering non-linear relationships that may not be well represented by traditional regression 

models. 

 

6. Limitation 
 

This study was limited by its cross-sectional design, which restricts causal interpretation and temporal inference. 

The sample size was 315, and some smoking and physical activity subgroups were small, which may have 

affected the stability of estimates. The hospital-based recruitment strategy may limit generalisability. Important 

clinical and behavioural variables, including blood pressure, lipid profile, dietary patterns, medication use, 

family history, disease duration, and socioeconomic status, were not included. In addition, the CVD prediction 

model had poor discriminatory performance, indicating that the selected predictors were insufficient for accurate 

CVD classification. 
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