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Abstract—Aims: This study aims to investigate the relationship between body 

mass index, age, and the prevalence of diabetes mellitus using a log-linear model, 

exploring potential interaction effects between these variables. 

Methods: This study used a log-linear model to analyze the relationship between 

BMI, age, and diabetes in 768 females from the Akimel O’odham Indians Diabetes 

Dataset. The analysis considered BMI-age interactions and used goodness-of-fit 

statistics to select the most insightful model, focusing on identifying significant 

interactions and estimating the effects of BMI and age on diabetes prevalence. 

Results: Both BMI and age are significantly associated with diabetes prevalence. 

Higher BMI and older age correlate with increased diabetes likelihood. The 

interaction between age and BMI reveals that BMI’s impact on diabetes risk is 

more pronounced in older individuals. These findings highlight the importance 

of considering both factors when assessing diabetes risk. 

Conclusions: BMI and age significantly influence diabetes prevalence in females, 

with their interaction adding complexity to risk assessment. This effect is more 

pronounced in older individuals. Further research is needed to understand the 

underlying mechanisms and develop targeted interventions. This study 

contributes to informing public health strategies for diabetes prevention and 

management. 

Index Terms—Health care, Diabetic mellitus, Body Mass Index, estimation, 

Loglinear model 
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Introduction  

Diabetes mellitus (DM) is a frequent and increasing public health problem. This 

condition arises either due to insufficient production of insulin by the pancreas or the 

inability of the body to effectively use the insulin it produces. The most influencing 

hormone that plays a key role in varying blood sugar levels is Insulin, which orchestrates 

the ingestion of glucose into cells for energy. Statistics reveal that every 1/10 persons in 

the world suffers from diabetes which comes to 537 million adults in the range of 20-79 

years. It is predicted that these numbers can rise to around 643 million by 2030 and 783 

million by 2045. Of these, it is projected that 3 out of 4 adults having diabetes come from 

underdeveloped and developing countries. This research is an attempt to analyse and 

ascertain the relationship between variables which are key factors in DM using the unique 

capabilities of the log-linear model. This includes analysing prominent variables like the 

pregnancies, BMI, diastolic BP, Triceps, skin fold thickness, serum, insulin level after two 

hour of the glucose, tolerance test and the diabetic pedigree function. In this research, both 

log linear and logistic regression methods are possible to be used for arriving the 

conclusion. In this research, both log linear and logistic regression methods are possible 

to be used for arriving the conclusion. However, (14) log-linear models are proven to be 

more effective than logistic regression in analysing most of the scenarios. A saturated 

model was constructed based on the recommendations (1; 10) on the multidimensional 

model for contingency tables (1; 3). Multidimensional variables can be analysed 

effectively in a log-linear model to get more precise results. The use of multiple methods 

for model framework (13) during the selection process, which includes the introduction 

of the Poisson model for the observed data helps to arrive at more accurate results. The 

article (3) provided insight on how the categorical variables can be effectively converted 

from the co-variants used in the data sets, how loglinear model (14; 2) applied in covid 19 

dynamics, estimate unknown from known samples (7) and demographic variable effect 

on patients. (10) Compare the algorithms using real-world datasets presented in the 

research papers (5; 11; 12; 4) that are relevant to the research question, choose the 

method that best suits the specific needs. The methods discussed in the research papers 

(6; 7; 8; 9) aided in practically estimating the demographic variable effect on common 

patients. The methods discussed in the research papers aided in practically estimating the 
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demographic variable effect on common patients. From the figure1, it is very evident that 

the key highlight is the increase in the number of deaths due to diabetic mellitus. Also, if 

we look at the number of cases reported on diabetic mellitus, we see a sharp increase. The 

data collected from the Ministry of Health, India Government, indicates that the IGT 

(Impaired Glucose Tolerance) has also increased considerably. One of the key inferences 

from this attempt is the need for an analysis of the data sets from the affected patients to 

deduce the optimal control of various factors influencing diabetes mellitus. Currently, 

there are various studies available to identify the factors that impact the spread of 

diabetes mellitus. However, not many studies are focused on analysing the combination of 

these factors. 

 

 

Fig 1: Comparison of Key factors 
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Fig 2: Diabetes Associated Comorbidities 

 

Diabetes mellitus often doesn’t occur in isolation. It frequently coexists with other 

chronic conditions, known as comorbidities, which can worsen its impact and 

complicate management. Fig.2 Brief overview of common diabetes-related 

comorbidities. Log-linear models have emerged as a powerful tool in the field of 

predictive analytics, offering a versatile and robust approach to modelling complex 

relationships between variables. This study explores the application of log-linear 

models in Diabetic Mellitus conditions, highlighting their advantages and potential 

limitations 

 This research attempts to analyse and ascertain the relationship between 

variables which are key factors in DM using the unique capabilities of the log-linear model. 

This includes analysing prominent variables like number of pregnancies, BMI, diastolic BP, 
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Triceps, skin fold thickness, serum, insulin level after two hours of the glucose tolerance 

test and the diabetic pedigree function. The prime objective of this study is to identify and 

estimate the parameters factored in the model which are significant interactions in the 

DM. Based on the significance values from the Pearson chi-square and likelihood ratio 

statistics used in the log-linear model analysis, we identified the significant parameters 

that influence diabetes mellitus. To estimate this, we rely on the log-linear methodology. 

Materials and Methods  

This study considered 768 Females from the data sets available at Akimel 

O’odham Diabetes Database on Kaggle. Among the models generated in the log-linear 

approach, the most insightful model was decided by filtering the higher order model to 

lower. The significant variables are identified after parameter estimation of the most 

fitting model. We can relate the analysis of variance concept (ANOVA) for the continuously 

distributed independent variables against the log-linear analysis method for Poisson 

distribution. In case of ANOVA, we require to check the normality condition for all 

variables used and have the limitation that the categorical variables cannot be compared. 

In contrast, the log-linear model gives the flexibility to compare the categorical variables 

and arrive at better insights. Another pressing reason for involving log linear model is due 

to the limitations in the chi-square and the ANOVA test in determining the associations 

between categorical variables. While chi-square technique restricts the determination of 

the associations between the two variables only, ANOVA model allows to determine 

multiple variables, it never allows to determine associations for any categorical variables. 

When we consider the log-linear models, we have the flexibility to include multiple rows 

and columns involving both the two-way and three-way contingency tables. In addition to 

this, log linear model supports testing more than one hypothesis, when compared to other 

models in this category. Hence this is the preferred approach. In the case of multi- 

dimensional contingency tables for log-linear models, where a model is created to 

investigate the relationships between the variables, the parameters in the model are 

estimated and the significance of this model is also tested. The overall goodness-of-fit of a 

model is evaluated by comparing the expected frequencies against the observed cell 

frequencies for each model. The Pearson chi-square statistics or the likelihood ratio 

statistic is mostly used to test a model fit. 
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Fig 3: Flowchart of the Log-linear Modelling Process 

 

Fitting procedure for log-linear models 

 Log-linear model methodology for independent two-way table is 

log(𝜇𝑖𝑗) = 𝑋𝑂+𝑋𝑖
1+𝑋𝑗

2+𝑋𝑖𝑗
12                                                                           (1) 

The constraints of X term for all “i” and “j” sum to zero. such as                        

                     ∑ 𝑋𝑖
1 =𝐼

𝑖=1 ∑ 𝑋𝑗
2 =𝐽

𝑗=1  ∑ 𝑋𝑖𝑗
12 = 𝐼

𝑖=1 ∑ 𝑋𝑖𝑗
12 =𝐽

𝑗=1 0                                    

The above log-linear model is the saturated model for the statistical dependency between 

any two variables. This is similar to multiple regression and ANOVA with factors. This 

implies that the overall mean is arrived by the below equation 

       𝑋𝑂 =
1

𝐼𝐽
∑ 𝑋𝑖

1𝐼
𝑖=1 log 𝜇𝑖𝑗                                                                    (2) 

In the below equation, the key impact of the two variables is estimated by 

                 𝑋𝐽
1 =

1

𝐽
 ∑ 1𝐽

𝐼=1 log 𝜇𝑖𝑗 − 𝑋𝑂                                               (3) 

               𝑋𝑖
1 =

1

𝐼
∑ 1𝐼

𝑖=1 log 𝜇𝑖𝑗 − 𝑋𝑂                                                 (4) 

For the same variables, the two-factor effect can be arrived by 
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            𝑋𝑖𝑗
12 = 𝑙𝑜𝑔𝜇𝑖𝑗 = (𝑋𝑖

1 + 𝑋𝑗
2) − 𝑋0                                         (5) 

Thus, the key and two-factor effects can be found out by the odds, odds ratio, which can 

be represented as 

                                           𝑋𝑖
1 =

1

𝐼𝐽
∑ ∑ 𝑙𝑜𝑔𝐽

𝑗=1

𝜇𝑖𝑗

𝜇𝑖′𝑗

𝐼
𝑖=1                                              (6) 

                      𝑋𝑖
2 =

1

𝐼𝐽
∑ ∑ 𝑙𝑜𝑔𝐽

𝑗=1

𝜇𝑖𝑗

𝜇𝑗′𝑖

𝐼
𝑖=1                                             (7) 

                     𝑋𝑖𝑗
12 =

1

𝐼𝐽
∑ ∑ log (𝐽

𝑗=1

𝜇𝑖𝑗𝜇𝑖𝑗

𝜇𝑖′𝑗 𝜇𝑗′𝑖

)𝐼
𝑖=1                                   (8) 

The cell probability for the independent model, considering the statistically independent 

two variables, can be represented by marginal probabilities of μi+ and µ+j as follows   

 𝜇𝑖𝑗 = 𝜇𝑖+𝜇+𝑗𝑤ℎ𝑒𝑟𝑒𝜇𝑖 = ∑ 𝜇𝑖𝑗𝑎𝑛𝑑𝜇+𝑗 = ∑ 𝜇𝑖𝑗
𝐼
𝑖=1

𝐽
𝑗=1  

Hence the two-factor outcome is 

     𝑋𝑖𝑗
12 =

1

𝐼𝐽
∑ ∑

𝑙𝑜𝑔(𝜇𝑖+𝜇+𝑗 𝜇𝑖1+ 
𝜇

+𝑗1 )

𝑙𝑜𝑔(𝜇𝑖1𝑗𝜇+𝑗 𝜇𝑖+ 𝜇+𝑗1 )

𝐽
𝑗=1

𝐼
𝑖=1 = 0                                 (9) 

and the log linear model for the independence model can be mentioned as 

          log(𝜇𝑖𝑗) = 𝑋𝑜 + 𝑋𝑖
1 + 𝑋𝑗

2𝑓𝑜𝑟𝑎𝑙𝑙"𝑖"𝑎𝑛𝑑" 𝑗"                            (10) 

In case of three-way table, the log linear model for independence will be 

 𝑙𝑜𝑔(𝑖𝑗𝑘) = 𝑋0 + 𝑋𝐼
1 + 𝑋𝐽

2 + 𝑋𝐾
3 + 𝑋𝐼𝐽

12 + 𝑋𝐽𝐾
13 + 𝑋𝐽𝐾

23 + 𝑋𝐼𝐽𝐾
123𝑓𝑜𝑟 𝑎𝑙𝑙 ”𝑖”, ”𝑗”, ”𝑘” 

For scenario where the X term satisfies the below constraints, 

∑ 𝑋𝑖
1 +

𝐼

𝑖=1

∑ 𝑋𝑗
2

𝐽

𝑗=2

+ ∑ 𝑋𝑘
3

𝐾

𝑘=3

= 0 

∑ 𝑋𝑖𝑗
12 +

𝐼

𝑖=1

∑ 𝑋𝑖𝑘
13

𝐽

𝑗=2

+ ∑ 𝑋𝑗𝑘
23

𝐾

𝑘=3

= 0 

∑ 𝑋𝑖𝑗𝑘
123

𝐼

𝑖=1

= 𝑠𝑢𝑚𝑗=1
𝐽 𝑋𝑖𝑗𝑘

123 = ∑𝑘=1
𝐾 𝑋𝑖𝑗𝑘

123 = 0 

Then we can define the X terms as below  
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The overall mean is given by 

                                        𝑋0 =
1

𝐼𝐽𝐾
∑ ∑ ∑ 𝑙𝑜𝑔𝜇𝑖𝑗𝑘

𝐾
𝑘=2

𝐽
𝑗=2

𝐼
𝑖=1                                      (11) 

The main effects of the three variables are estimated by 

               𝑋𝑖
1 =

1

𝐽𝐾
∑ ∑ 𝑙𝑜𝑔𝜇𝑖𝑗𝑘 − 𝑋0

𝐾
𝑘=1

𝐽
𝑗=1                                          (12) 

                                     𝑋𝑖
2 =

1

𝐼𝐾
∑ ∑ 𝑙𝑜𝑔𝜇𝑖𝑗𝑘 − 𝑋0

𝐾
𝑘=1

𝐼
𝑖=1                                         (13) 

               𝑋𝑖
3 =

1

𝐽𝐼
∑ ∑ 𝑙𝑜𝑔𝜇𝑖𝑗𝑘 − 𝑋0

𝐼
𝐼=1

𝐽
𝑗=1                                           (14) 

Every interaction above is estimated by the equation 

         𝑋𝑖𝑗
12 =

1

𝐾
∑ 𝑙𝑜𝑔𝜇𝑖𝑗𝑘

𝐾
𝑘=1 − (𝑋𝑖

1 + 𝑋𝑗
2) − 𝑋0                                (15) 

             𝑋𝑖𝑘
13 =

1

𝐽
∑ 𝑙𝑜𝑔𝜇𝑖𝑗𝑘

𝐽
𝑗=1 − (𝑋𝑖

1 + 𝑋𝑘
3) − 𝑋0                             (16) 

          𝑋𝑗𝑘
23 =

1

𝐼
∑ 𝑙𝑜𝑔𝜇𝑖𝑗𝑘

𝐼
𝑖=1 − (𝑋𝑗

2 + 𝑋𝑘
3) − 𝑋0                                (17) 

and 

𝑋𝑖𝑗𝑘
123 = 𝑙𝑜𝑔𝜇𝑖𝑗𝑘 − (𝑋𝑖𝑗

12 + 𝑋𝑖𝑘
13 + 𝑋𝑗𝑘

23) − (𝑋𝑖
1 + 𝑋𝑗

2 + 𝑋𝑘
3) − 𝑋0      (18) 

The parameter estimates from the loglinear model represent the logarithmic 

transformation of the odds ratios for different combinations of variables. Converting these 

coefficients back to their original scale yields odds ratios, which are more readily 

interpretable. Significance testing allows to evaluate whether individual interaction terms 

in the model are statistically significant, which helps identify the key relationships. 

Observations and Results  

Table 1 

Summary of significant two-way and one-way effects 

 

Factor Degrees of 
freedom 

Significance 

Outcome * BMI group 8 .005 
Age group * TSFT 8 .049 
BMI group * DBP 7 .013 
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Factor Degrees of 
freedom 

Significance 

Outcome * GLC 6 .000 
Age group * GLC 7 .006 

outcome * PL 6 .006 
Age group * PL 6 .000 
BMI group * PL 8 .045 

Outcome 2 .000 
Age group 2 .000 

BMI group 2 .000 
 

Using the backward elimination process, we summarised the test results of the 

significant interrelations on the eight variables used in this study in Table 1. Among the 

several two-way and three-way models generated from the saturated model, 3 three-way 

models and 8 two-way models showed significant inter relations. We have focused on the 

best two-way model with variables representing ‘the glucose level after 2 hours of glucose 

tolerance tests and age group. This model was used in log linear model under the null 

hypothesis to derive the estimates. 

Table 2 

Cell Counts of BMI and Diabetic condition from Log-linear two -way model 

 

Outcome BMI Count Percentage 
Not having diabetic Underweight 10 1.2 

 Normal 450 58.5 
 Overweight 33 4.2 
 Obesity 11 1.5 

Having diabetic Underweight 3 0.3 
 normal weight 213 27.7 
 Overweight 51 6.6 
 Obesity 5 0.6 

 

There are other prominent models to understand the relationship between two 

variables. In this, the chi-square test of independence can show only whether any two 

variables are related. However, this cannot find the expected frequencies of each 

parameter. In the case of the log-linear model, this can be found in the estimates of 

parameters under the independence model (model under the null hypothesis) and the 
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maximum model (model under the alternative hypothesis). Table 2 exhibits the most 

significant interrelation between normal weight and not having a diabetic.  

Table 3 

Parameter estimation of the model glucose level and age group for DM patients 

 

Parameter Estimate 

X1  2.603 

𝑋1
1 2.164 

𝑋2
1 1.532 

𝑋1
2 0.071 

𝑋1
1𝑋1

2 1.288 

𝑋2
1𝑋1

2 0.452 

Table 3 manifests estimate of the cell counts of two-way model glucose level and age 

group. 

Fig. 4 provides a visual representation of the probabilities across different age and 

BMI groups. The colour intensity represents the probability level. This heatmap would 

visually represent how the probability of diabetes progression varies across different 

combinations of age and BMI. While the log-linear model itself provides the statistical 

significance of these relationships, the heatmap makes them visually apparent and easier 

to grasp. 
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                                            Fig 4: Correlation Heatmap 

Table 4 

Observed and Expected frequency of the model, age group, BMI and Glucose Level 
with their corresponding standardized residual for DM patients 

 

cell Observed Expected Standardized residual 

i j k    

1 1 0 9 9 0.092 

1 1 1 403 405 -0.121 

1 1 2 36 36 0.050 

1 1 3 9 8 0.696 

1 2 0 1 2 -0.710 

1 2 1 95 93 0.192 

1 2 2 9 8 0.278 

1 2 3 0 2 -1.281 

1 3 0 1 0 1.417 

1 3 1 13 12 0.165 

1 3 2 0 1 -1.046 

1 3 3 0 0 -0.468 

2 1 1 87 91 -0.461 

2 1 2 28 23 1.148 

2 1 3 2 3 -0.600 

2 2 1 50 48 0.225 

2 2 2 9 12 -0.853 

2 2 3 3 2 1.090 

2 3 1 13 10 0.892 

2 3 2 0 3 -1.583 

2 3 3 0 0 -0.582 

 

Discussion  

Log-linear analysis revealed significant differences in residual errors between 

specific age, BMI, and glucose level combinations. From Table 4 individuals aged 20-40, 

both underweight and overweight groups with glucose levels below 140 showed small 



UtilitasMathematica 

ISSN 0315-3681 Volume 122, 2025  

172 

residual errors (0.092 and 0.050, respectively), suggesting a strong fit between the model 

and the data. Conversely, individuals above 60 showed larger residual errors (1.417 for 

underweight and -1.583 for normal weight with glucose levels less than 140 and between 

140-200, respectively), indicating weaker relationships. These findings suggest the log-

linear model’s predictions are more precise for certain subgroups, particularly younger 

individuals. 

This study investigated the impact of age and BMI on Diabetic Mellitus using a log-

linear model. Our analysis revealed significant interrelationships between these 

demographic factors and DM. Specifically, strong associations were observed between 

glucose levels and age group, and between BMI and diabetic condition. The risk of 

progressing to a more severe stage of diabetes increases more rapidly with age for 

individuals with higher BMI compared to those with lower BMI. The increasing prevalence 

and mortality rates of DM underscore the importance of understanding these contributing 

factors 

Table 5 

Goodness of fit and degrees of freedom for associated variables for 3-way model 

 

Variables Likelihoo
d ratio 

Pearson chi 
square 

statistic 

degrees of 
freedom 

Outcome * BMI * GL 19.046 21.36 16 
Age group * GL * PL 2.815 2.917 6 
Age group* GL * BMI 18.369 13.613 18 

 

The log-linear model proved to be a valuable tool for analyzing these complex 

relationships, offering more specific predictions compared to other models. By employing 

backward elimination, we identified the most significant two-way and three-way 

interactions, refining the model and highlighting key contributing factors. While many 

three-dimensional models did not yield significant outcomes, the significant three-way 

interactions provided valuable insights into the combined effects of age, BMI, and other 

relevant variables. These findings are presented in the Table 5. 

Conclusion and Recommendations  
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Loglinear models can be valuable in data mining when your focus is on 

understanding relationships between categorical variables and interpretability is crucial. 

We have considered 768 samples from female patients for this analysis. Among various 

statistical models, the log-linear model provided more insights, considering the ability to 

consider the significant interrelations among various levels of factors that affect diabetic 

mellitus. In this context, we decided to further analyse the significant interrelationships 

among these factors to provide a more focused conclusion. Hence, we considered the log-

linear model approach to analyse the data sets and come up with more mature 

suggestions, which in turn can help the patients to optimally control diabetes mellitus. 

From various inferences on the interrelations among the variables, it is recommended to 

involve a more focused mathematical model to measure the precise level of interrelations 

effect which in turn, can help to develop better drugs to control diabetic mellitus optimally. 

log-linear analysis highlights the complex interplay among age, BMI, and diabetes 

mellitus. Recognizing these interactions is crucial for effective prevention, diagnosis, and 

management of this chronic condition. 
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