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Diabetes is a chronic metabolic disorder characterized by persistently 
elevated blood glucose levels and is associated with severe long-term 
health complications if not detected early. Accurate classification of 
individuals into Non-Diabetic, Prediabetic, and Diabetic categories are 
therefore essential for effective prevention and clinical intervention. 
This study is a multiclass diabetes prediction model by using 
Multinomial Logistic Regression integrated with LASSO and Elastic Net 
regularization techniques. A dataset of 1,000 patient records 
containing demographic and biochemical variables was analysed 
following data cleaning, normalization, and an 80:20 train–test split. 
Model training and hyperparameter tuning were conducted using 10-
fold cross-validation. Performance was evaluated by using accuracy, 
Cohen’s Kappa, F1-score, Brier score, macro-AUC, and information 
criteria. Elastic Net model achieves the highest accuracy of 0.9141, the 
highest Cohen’s Kappa of 0.6340, the highest macro sensitivity of 
0.6607 and the highest macro balanced accuracy of 0.7303 among the 
models. In addition, it consists of fewest variables and provided the 
most balanced and stable result of AIC, BIC, Pseudo-R2, F1-Macro, F1-
Weighted, Brier score and Macro specificity which is 387.8591. 
401.9204, 0.5556, 0.9559, 0.5737, 0.8909 and 0.8665 respectively. The 
results indicate that Elastic Net regularization provides the most stable 
and balanced classification performance while effectively handling 
correlated variables. Key variables that influenced diabetes status 
include body mass index, age, HbA1c, triglycerides, and cholesterol. The 
proposed approach offers an interpretable and reliable framework for 
multiclass diabetes classification and early risk stratification. 
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1. Introduction 

Diabetes mellitus is a chronic metabolic disorder characterised by persistent hyperglycaemia caused by 
insufficient insulin secretion or impaired insulin action [1]. The rapid increase in diabetes prevalence worldwide 
has made it a major public health concern, as delayed diagnosis often leads to severe complications such as 
cardiovascular disease, kidney failure, and neuropathy [2]. These complications significantly increase healthcare 
costs and mortality rates, highlighting the importance of early and accurate detection [3]. Most existing diagnostic 
and predictive approaches classify individuals into binary outcomes, namely diabetic and non-diabetic. However, 
this approach neglects the prediabetic stage, during which early intervention can substantially reduce the risk of 
progression to type 2 diabetes [4]. With the growing availability of clinical data, statistical and machine learning 
methods have been increasingly applied to improve disease prediction [5]. Among these methods, multinomial 
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logistic regression is well suited for multiclass classification problems and offers interpretable probabilistic 
predictions, making it particularly valuable in medical applications [6]. However, the presence of multicollinearity 
and high-dimensional variables can reduce model reliability and prediction accuracy. Regularization methods 
such as LASSO and Elastic Net have been shown to effectively address these challenges by shrinking regression 
coefficients, performing feature selection, and improving model generalisation [7]. Lasso encourages sparse 
solutions by eliminating less relevant variables, while Elastic Net combines L1 and L2 penalties to better handle 
correlated variables [8]. Integrating these regularization techniques with multinomial logistic regression provides 
a robust and interpretable framework for multiclass diabetes prediction, supporting early risk stratification and 
informed clinical decision-making [9].  

Despite continuous advancements in diabetes diagnosis and management, the disease remains a major global 
health challenge due to its increasing prevalence and severe long-term complications. Most existing predictive 
models rely on binary classification approaches that categorise individuals as either diabetic or non-diabetic, 
thereby overlooking the prediabetic stage, where early intervention can significantly reduce disease progression. 
Furthermore, diabetes-related clinical datasets often contain multiple correlated variables, which may lead to 
multicollinearity, overfitting, and reduced interpretability in conventional multinomial logistic regression models. 
Consequently, there is a need for a robust and interpretable multiclass prediction framework that can accurately 
classify diabetic, non-diabetic, and prediabetic individuals while effectively addressing model complexity and 
feature redundancy through appropriate regularization techniques. The objectives of the study are to determine 
the relationship between diabetes and key patient attributes such as blood sugar level, BMI, age, cholesterol levels, 
HbA1c and other clinical indicators, constructing a multinomial logistic regression model for predicting diabetes 
status using Lasso and Elastic Net Regularization techniques and identifying the most significant patient variables 
that contribute to accurate classification of diabetes status based on the best models.  

Previous studies have shown that diabetes prediction commonly relies on clinical and demographic variables 
such as age, body mass index (BMI), HbA1c, and lipid profiles, which are strongly associated with glycaemic 
control and insulin resistance [10]. Early identification of individuals in the prediabetic stage is particularly 
important, as timely intervention can significantly reduce progression to type 2 diabetes [11]. Statistical and 
machine learning methods have been widely applied in diabetes prediction, including logistic regression and other 
classification techniques [12]. However, most existing models focus on binary outcomes, classifying individuals as 
diabetic or non-diabetic, which limits early risk stratification and neglects the clinically important prediabetic 
group [16]. Multinomial logistic regression is well suited for multiclass medical classification problems and offers 
interpretable probabilistic predictions [13]. Nevertheless, correlated and redundant variables in medical datasets 
may lead to overfitting and unstable coefficient estimates. Regularization techniques such as LASSO and Elastic 
Net address these issues by performing feature selection and improving model generalisation [14]. Both LASSO 
and Elastic Net Regularization can select important features and manage complex data to avoid overfitting occur 
[15]. 

2. Methodology 

In this study, the dataset of patient about the diabetes information are obtained from the Iraqi society where it 
came from a laboratory of Medical City Hospital. 

2.1 Data Description 

This study utilises a structured dataset comprising medical and demographic information collected from patients, 
aimed at facilitating the prediction and classification of diabetes status. The dataset consists of 1000 observations 
of patients and includes a total of 14 attributes which include both clinical indicators and categorical variables. 
The variables recorded are patient identification number, patient reference number, age, gender, creatinine ratio 
(Cr), body mass index (BMI), urea, total cholesterol (Chol), fasting lipid profile components such as low-density 
lipoprotein (LDL), very-low-density lipoprotein (VLDL), triglycerides (TG) and high-density lipoprotein (HDL), 
along with hemoglobin A1c (HbA1c) levels. The dataset is obtained from an open-access repository Mendeley Data 
and the data were collected from patients in Iraq through medical records and laboratory results from Medical 
City Hospital and the Specialised Centre for Endocrinology and Diabetes in Al-Kindy Teaching Hospital.  List of 
variables in the diabetes dataset including their descriptions and the types is explained in Table 1. 

Table 1 Variables in the Dataset 

Variables Description Data Type 

ID Unique identifier for each patient entry Numerical 

No_Pation Patient identification number Numerical 

Gender Gender of the patient ( M= Male, F = Female) Categorical 
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AGE Age of the patient Numerical 

Urea Urea level in the blood Numerical 
Cr Creatinine ratio Numerical 

HbA1c Glycated haemoglobin Numerical 
Chol Total cholesterol level Numerical 
TG Triglyceride level in blood Numerical 

HDL High-Density Lipoprotein Numerical 
LDL Low-Density Lipoprotein Numerical 

VLDL Very-Low-Density Lipoprotein Numerical 
BMI Body Mass Index Numerical 

CLASS 
Diabetes status classification 

(Y=Diabetic, N= Non-diabetic and P =Prediabetic) 
Categorical 

(Source: Mendeley Data, 2020) 

2.2 Descriptive Analysis 

To develop the predictive model, descriptive analysis was conducted to get the general idea about the data. Cross-
tabulation and chi-square tests were applied to evaluate associations between categorical variables and diabetes 
outcome [16]. For continuous variables, the Kruskal–Wallis test was employed to assess statistically significant 
differences across the diabetic, prediabetic, and non-diabetic groups [17]. These analyses provide preliminary 
justification for variable inclusion in the predictive models. 

2.3 Model Development 

In this study, multinomial logistic regression (MLR) was employed to model the multiclass diabetes outcome 
consisting of diabetic, prediabetic, and non-diabetic categories. MLR estimates the probability of each outcome 
category as a function of multiple predictor variables, making it suitable for multiclass medical classification 
problems. The non-diabetic group was selected as the reference category. To improve model stability and reduce 
overfitting caused by multicollinearity among variables, regularization techniques were incorporated into the 
MLR framework. LASSO regularization applies an L1 penalty to the regression coefficients, encouraging sparse 
solutions by shrinking less relevant coefficients to zero. Elastic Net regularization combines L1 and L2 penalties, 
enabling effective handling of correlated variables while maintaining model interpretability. The dataset was 
divided into training (80%) and testing (20%) subsets using stratified sampling to preserve class proportions. 
Regularization parameters were optimised using 10-fold cross-validation on the training dataset. Model 
estimation and tuning were conducted using the training data, while the testing data were reserved exclusively 
for performance evaluation. 

2.3.1 Multinomial Logistic Regression  

Multinomial Logistic Regression (MLR) is a statistical method for predicting outcomes when the dependent 
variable has more than two nominal categories [18]. It extends binary logistic regression to handle multi-class 
classification problems. The general equation of MLR is shown as in Equation (1) [19].  

𝑷(𝒀 = 𝒌|𝒙) =
𝒆𝜷𝟎+𝜷𝟏𝑿𝟏+⋯+𝜷𝒌𝑿𝒌

∑ 𝒆𝜷𝟎+𝜷𝟏𝑿𝟏+⋯+𝜷𝒌𝑿𝒌𝑲
𝒋=𝟏

 

 

(1) 

Where for 𝑘  = 1, 2, …, 𝐾 , 𝑃 (𝑌 =  𝑘|𝑥)  = probability of variables 𝑘  given input 𝑥 , 𝛽0 = intercept term, 𝛽𝑘 = 
coefficient of variables k for k=1, 2,…, K,𝑥 = vector of independent variables (variables). 

2.3.2 LASSO Regression 

In this study, LASSO is applied with multinomial logistic regression to identify the most influential patient features 
for diabetes diagnosis [20]. The mathematical formula of LASSO is shown as in Equation (2) [21]. 

 

(2) 

Where 𝛼̂  = estimated intercept, 𝛽̂  = estimated regression coefficients, 𝑁 = total number of observations, 𝑦𝑖  = 
response variable, 𝑥𝑖𝑗  = predictor value for observation 𝑖 and predictor 𝑗, 𝛼 = intercept parameter, 𝛽𝑗  = coefficient 

for predictor 𝑗, ∑ =𝑁
𝑖=1  summation over all observations, ∑ =𝑗  summation over all variables. 

 𝛼̂, 𝛽̂ = arg𝑚𝑖𝑛    𝑦𝑖 −  𝛼 −  𝛽𝑗𝑥𝑖𝑗
𝑗

 

𝑁

𝑖=1

2
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2.3.3 Elastic Net Regression 

Elastic Net regression is applied with multinomial logistic regression to classify diabetes into Diabetic, Non-
Diabetic, and Prediabetic. The mathematical formulation of Elastic Net is shown as in Equation (3) [22]. 

 
(3) 

Where 𝛽0̂  = estimated intercept, 𝛽̂  = estimated coefficient vector, 𝛽0  = intercerpt,  𝛽  = coefficient vector,𝑛  = 
number of observations,𝑦𝑖 = response variable,𝑥𝑖 = predictor variable vector for observation, 𝑥𝑖

𝑇𝛽 = dot product 
of predictor variables and coefficients,  𝜆  = regularization parameter,𝛼  = mixing parameter,  ||𝛽||1  = 𝐿1  norm, 

||𝛽||
2

2
 = Squared 𝐿2 norm. 

2.4  Model Evaluation and Selection 

Model selection is conducted to identify the most suitable model for classifying diabetes status into Diabetic, Non-
Diabetic, and Prediabetic. Model performance is assessed using multi-class evaluation metrics including accuracy, 
specificity, sensitivity, F1-score, and macro-averaged AUC-ROC. To reduce overfitting, k-fold cross-validation is 
applied, and performance measures are averaged across folds to obtain stable estimates. In addition to predictive 
performance, model simplicity and interpretability are considered. The final model is selected based on a trade-
off between accuracy, generalizability, and interpretability to ensure clinical relevance. Besides, the Corrected 
Akaike Information Criterion (AICc) and Bayesian Information Criterion (BIC) will also be considered to assess 
model fit and complexity. Kappa , F1-Macro and F1-Weighted and brier score are also important as the key metrics 
to evaluate the models. The Brier Score was used to assess the accuracy and calibration of the class probability 
predicted by the model where the lower the score, the better the probabilistic predictions [23]. Cohen’s Kappa 
was adopted to quantify the extent of agreement between the predicted and actual class labels which also takes 
into consideration the chance of agreement, especially when class imbalance exists [24]. Furthermore, both F1-
Macro and F1-Weighted scores were used for evaluating balance between precision and recall for the three 
diabetes outcome classes with F1-Macro giving equal weight to each class and F1-Weighted taking class 
distribution into consideration [25]. 

A confusion matrix is a crucial performance measurement tool for classification models by comparing actual 
and predicted class labels. True positive (TP), true negative (TN), false positive (FP) and false negative (FN) are 
the main components of the confusion matrix to show the performance of the model. Table 2 shows the structure 
of confusion matrix with multiclass [26]: 

Table 2 Structure of Confusion Matix with Multiclass 

 Actual 

 Class Y N P 

Predicted Y TP FN FN 

 N FP TP FN 

 P FP FP TP 

2.5 Goodness-of-Fit Test 

Goodness of fit test is a very crucial element in the analysis of a statistical model assessment Goodness of fit test 
is very crucial element. A flowchart is important in study research as it summarises the systematic steps used to 
predict diabetes status using regularized multinomial logistic regression models [27]. The process begins with 
data collection and preprocessing, including missing value treatment, categorical variable encoding, and 
normalization of continuous variables such as blood sugar, BMI, cholesterol, and HbA1c. Next, multinomial logistic 
regression models with LASSO and Elastic Net regularization are fitted to improve predictive performance and 
reduce overfitting by penalizing less important variables. Cross-validation is applied to optimize key 
hyperparameters, including the penalty parameter λ and the mixing parameter α for Elastic Net. Finally, model 
performance is evaluated using accuracy, Kappa, Brier score, F1-score, and AUC-ROC and the best-performing 
model is selected based on predictive performance and interpretability. 

3. Results and Discussions 

This section is included cross-tabulation analysis, chi-squared test, Kruskal-Wallis test, model building, model 
selection and goodness-of-fit test. 

 𝛽0̂, 𝛽̂ = arg𝑚𝑖𝑛(𝛽0 ,𝛽)∈ℝ𝑝+1  
1

2𝑛
∑ (𝑦𝑖 
𝑛
𝑖=1 − 𝛽0 − 𝑥𝑖

𝑇𝛽)2 + 𝜆(
1−𝛼

2
||𝛽||

2

2
+ 𝛼||𝛽||1   
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3.1 Cross-tabulation Analysis of Categorical Variables 

Cross-tabulation analysis was performed to analyse the relationship between categorical variables and diabetes 
classification. Table 3 shows the cross-tabulation analysis of gender by diabetes classification. 

Table 3 Cross-Tabulation of Gender by Diabetes Classification 

 Diabetic Non-Diabetic Prediabetic Sum 

Male 490 39 36 565 

Female 354 64 17 435 

Sum 844 103 53 1000 

 
The results show that among male respondents, 490 individuals were classified as Diabetic, 39 as non-diabetic 

and 36 as Prediabetic, giving a total of 565 males. Among female respondents, 354 were Diabetic, 64 were non-
diabetic, and 17 were Prediabetic, with a total of 435 females. Overall, diabetic cases dominate both genders, with 
a higher number of diabetic males than females. Table 4 shows the row-wise proportions of gender by diabetes 
classification. 

Table 4 Row-Wise Proportions of Gender by Diabetes Classification 

 Diabetic (%) Non-Diabetic (%) Prediabetic (%) Sum (%) 

Male 86.73 6.90 6.37 100 

Female 81.38 14.71 3.91 100 

 
Among males, 86.73% were Diabetic, 6.90% were non-diabetic, and 6.37% were Prediabetic. Among females, 

81.38% were Diabetic, 14.71% were non-diabetic and 3.91% were Prediabetic. The results indicate that while 
diabetes prevalence is high for both genders, males have a slightly higher proportion of diabetic cases compared 
to females. 

3.2 Chi-Squared Test for Categorical Variables 

A chi-squared test of independence was conducted to determine the association between gender and diabetes 
status. Table 5 shows the results of the chi-square test of the association between gender and diabetes status. 
 

Table 5 Chi-Square Test of Association Between Gender and Diabetes Status  

 
The chi-square statistic of 18.2020 with 2 degrees of freedom and a p-value < 0.001 shows that there is 

statistical significance association between Gender and diabetes status (Diabetic, Non-Diabetic and Prediabetic) 
at the 5% of significance level since p-value is less than 0.05. This means that the distribution of Diabetic, Non-
Diabetic and Prediabetic cases differ significantly between males and females. 

3.3 Kruskal-Wallis Test in Numerical Variables 

A Kruskal-Wallis test was conducted to determine whether the distributions of numerical variables differed 
significantly across the three diabetes groups. This non-parametric test was selected because several variables 
did not meet the normality assumption required for ANOVA. The test compares the median ranks of each variable 
across the Diabetic, Non-diabetic and Prediabetic groups to identify meaningful group differences. Table 6 
presents the results of the Kruskal-Wallis test for numerical variables by diabetes classification. 

Table 6 Kruskal–Wallis Test Results for Numerical Variables by Diabetes Classification 

Variable Chi-Square Value df p-value 

Age 230.8800 2 < 0.05 

Urea 8.2451 2 0.0162 

Cr 2.3185 2 0.3137 

Variable Chi-Square Value df p-value 

Gender 18.2020 2 < 0.001 
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HbA1c 334.0500 2 < 0.05 

Chol 35.5720 2 < 0.05 

TG 62.0410 2 < 0.05 

HDL 1.2112 2 0.5457 

LDL 0.3463 2 0.8410 

VLDL 54.8280 2 < 0.05 

BMI 324.8500 2 < 0.05 

 
The results show that several variables including age, Urea, HbA1c, Chol, TG, VLDL and BMI, exhibited 

statistically significant differences between the diabetes categories which the p-values are less than 0.05. This 
suggests that these clinical and demographic factors vary significantly across diabetes classifications and may play 
a crucial role in distinguishing diabetic from non-diabetic individuals. On the other hand, variables such as Cr, HDL 
and LDL did not show significant differences since their p-values are not less than 0.05 which means that their 
distributions are similar across all diabetes groups.  

3.4 Model Building 

There are three model are built which are MLR, LASSO and Elastic Net Regression. The MLR model was fitted using 
the training dataset with all variables included to evaluate the association with diabetes classification. Table 7 
shows the coefficient estimates for three model: 

Table 7 Coefficient Estimates for the MLR Model 

Term Estimate Std. Error z value Pr(>|z|) 

(Intercept) 6.7254 32.4565 0.207 > 0.05 

Gender (Female) 2.8247 32.4329 0.087 > 0.05 

Gender (Male) 4.1409 32.4361 0.128 > 0.05 

Age -0.6083 0.3936 -1.545 > 0.05 

Urea -0.1086 0.3379 -0.322 > 0.05 

Cr 0.0031 0.2892 0.011 > 0.05 

HbA1c 4.5771 0.9599 4.768 < 0.05 

Chol 0.9632 0.3885 2.480 < 0.05 

TG 0.9947 0.3738 2.661 < 0.05 

HDL -0.2037 0.3181 -0.640 > 0.05 

VLDL 0.0703 0.4714 0.149 > 0.05 

BMI 3.9785 0.9056 4.393 < 0.05 

  

HbA1c, Chol, TG and BMI were statistically significant (p < 0.05), indicating that higher levels of these clinical 
parameters are strongly associated with shifts in diabetes classification. Among them, HbA1c and BMI displayed 
the largest coefficient magnitudes, suggesting that they are particularly influential variables in differentiating 
between individuals with diabetes, prediabetes and those without diabetes. Other variables, including Gender, 
AGE, Urea, Cr, HDL, LDL and VLDL were not statistically significant (p > 0.05), implying that they did not 
meaningfully contribute to the classification after adjusting for the effects of other variables.  

The non-significance of gender variables (Female and Male) suggests that the observed differences between 
males and females in earlier descriptive analysis were not strong enough to hold when controlling for clinical 
measurements. After evaluating the significance of the model coefficients, the performance of the MLR model was 
assessed using the testing dataset. Table 8 shows the coefficient estimates for three models of MLR, LASSO and 
Elastic Net: 
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Table 8 Coefficient Estimates between the MLR, LASSO and Elastic Net models 

Variable 
Coefficient 

MLR LASSO Elastic Net 

Gender (Female) 2.8247 -0.0574 0 

Gender (Male) 4.1409 0 0 

Age -0.6083 -0.0362 0.1241 

Urea -0.1086 -0.0133 0 

Cr 0.0031 0 0 

HbA1c 4.5771 -0.5567 0.0541 

Chol 0.9632 0.0015 0.0806 

TG 0.9947 -0.2369 -0.0581 

HDL -0.2037 -0.0376 0 

LDL -0.4863 -0.0398 0 

VLDL 0.0703 0.0814 0 

BMI 3.9785 -0.1944 0.2450 

  
For MLR model, it includes all variables and indicates that HbA1c, BMI, TG, and Chol have relatively large 

coefficient magnitudes which show that they have strong associations with diabetes classification. For LASSO 
model, the results show that the variables of HbA1c, TG and BMI play the most important or influential roles in 
distinguishing between diabetic, prediabetic and non-diabetic individuals. Variables like VLDL, LDL, HDL, AGE, 
Urea and cholesterol also showed non-zero coefficients with coefficients of 0.0814, -0.0398, -0.0376, -0.0362, -
0.0133, and 0.0015 respectively. It means that these variables make a significant but weaker contribution to the 
model compared to the main variables which are HbA1c, TG and BMI. GenderF, which is female, shows a negative 
coefficient with the absolute coefficients of 0.0574, while GenderM, which is male, shows an absolute coefficient 
of 0.000013 in the model. For both genders, it shows female contributes limited predictive influence in this model, 
while male have a negligible effect on the model since the absolute coefficient is extremely closed to zero, so it is 
removed from the model. There is another variable which is Cr, that is reduced to a coefficient of zero by the LASSO 
penalty, as it does not have any effect or influence on this model, and it is removed from the final model. Therefore, 
variables for Cr and GenderM are eliminated and excluded from the final model. For Elastic Net model, the results 
show that BMI, AGE, Chol, TG and HbA1c play the most influential roles in distinguishing between individuals with 
diabetes, prediabetes, and those without diabetes. There are six variables including the categorical data which are 
both genders, GenderF (female), GenderM (male), Urea, Cr, HDL, LDL and VLDL, that are completely shrunk to 
zero by elastic net. It means that these variables do not contribute any predictive information and show no 
influence on this model, therefore variables GenderF, GenderM, Urea, Cr, HDL, LDL and VLDL are eliminated and 
excluded from this model.  

3.5  Model Comparison and Model Selection 

There is some evaluation metrics used to compare the difference between these three models. The evaluation 
included the accuracy, Cohen’s Kappa, information criteria, which are AIC and BIC, pseudo-R2 and macro-averaged 
AUC. Table 9 shows the overall comparison of the three models based on these performance metrics. 

Table 9 Overall Predictive Performance Metrics 

Model Accuracy Kappa AIC BIC Pseudo-R2 MacroAUC 

MLR 0.9091 0.6322 307.7669 429.6317 0.7023 0.9696 

LASSO 0.8990 0.5846 271.1341 285.1954 0.6914 0.9675 

Elastic Net 0.9141 0.6340 387.8591 401.9204 0.5556 0.9559 

 
The Elastic Net model achieves the highest accuracy (0.9141) and shows that it correctly classifies the largest 

proportion of test observations followed closely by MLR (0.9091) and LASSO (0.8990). For Cohen’s Kappa, where 
Elastic Net achieves highest value, which is 0.6340, as compared to model MLR and LASSO, which are 0.6322 and 
0.5846, respectively. In terms of information criteria, LASSO records the lowest AIC and BIC values, which are 
271.13 and 285.20, meaning that it offers a balance between model fit and complexity among the models. However, 
Elastic Net retains fewer variables, so it is the most parsimonious in terms of variable reduction although having 
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higher values of AIC and BIC. For explanatory power, MLR shows the strongest Pseudo-R2, which is 0.7023, among 
three models. In terms of discrimination ability, all models achieve high values of macro-AUC, while MLR shows 
the best, which is 0.9696 among the three models. Overall, Elastic Net shows the highest accuracy, LASSO offers 
the best AIC/BIC efficiency and MLR shows the strongest explanatory capability. 

In addition, several class-based metrics were compared using the F1-Macro score, the F1-Weighted score, and 
the Brier Score. These measures can show a more detailed assessment of each model. Table 10 shows the 
comparative F1 and Brier Score performance for the MLR, LASSO and Elastic Net models. 

Table 10 Classification Performance Metrics for MLR, LASSO and Elastic Net 

Model F1-Macro F1-Weighted Brier Score 

MLR 0.6151 0.8986 1.8065 

LASSO 0.5530 0.8845 0.1121 

Elastic Net 0.5737 0.8909 0.1233 

 
The MLR model achieves the highest F1-Macro score, which is 0.6151, meaning that it has the most balanced 

performance across all classes. Its F1-Weighted score (0.8986) is also the highest, reflecting strong overall 
predictive performance when class prevalence is considered. However, the MLR model has the largest Brier Score, 
which is 1.8065, followed by the Elastic Net of 0.1233 and the LASSO of 0.1121. It shows that although its 
classifications are accurate, its probability estimates are poorly calibrated. In contrast, LASSO and Elastic Net 
achieve lower F1-Macro values, which are 0.5530 and 0.5737, respectively, and show slightly weaker balance 
across classes, indicating difficulties in predicting the Prediabetic category. Overall, MLR provides a better class-
level predictive balance, while the performance of LASSO and Elastic Net is similar, with only differences noted in 
the F1-score, F1-Weighted, and Brier Score metrics. 

To further evaluate the classification performance of the three models, their class-level diagnostic ability is 
examined using macro-averaged sensitivity, specificity and balanced accuracy. These metrics provide an overall 
view of how well each model performs across all three classes by treating each category equally, regardless of its 
prevalence. Table 11 presents the macro-averaged sensitivity, specificity, and balanced accuracy for the MLR, 
LASSO, and Elastic Net models. 

Table 11 Macro-Averaged Class-Based Metrics for MLR, LASSO and Elastic Net 

Model Macro Sensitivity Macro Specificity Macro Balanced Accuracy 

MLR 0.6087 0.8835 0.7262 

LASSO 0.5940 0.8706 0.7147 

Elastic Net 0.6607 0.8665 0.7303 

 
The Elastic Net achieves the highest macro-sensitivity, with a value of 0.6607 among the three models, 

indicating that it is comparatively better at correctly identifying cases across classes. In terms of macro-specificity, 
all models perform well, with values above 0.86, although MLR records the highest score of 0.8835 which reflects 
its stronger ability to correctly recognise non-target classes. For macro- balanced accuracy, which accounts for 
both true positive and true negative rates, Elastic Net performs the best (0.7303), followed by MLR of (0.7262) 
and LASSO of (0.7147). Overall, these results demonstrate that Elastic Net achieves the most balanced 
performance across all classes, with LASSO performing slightly weaker and MLR excelling mainly in specificity, 
albeit not as strongly in sensitivity. 

A direct comparison of the most influential variables from LASSO and Elastic Net is important to determine 
whether the selected model maintains clinical interpretability while avoiding unnecessary complexity. Fig. 1 
shows the comparison of the absolute coefficient magnitudes of selected variables between LASSO and Elastic Net 
models. 
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Fig. 1 Comparison of the Absolute Coefficient Magnitudes of Selected Variables between LASSO and Elastic Net 
Models 

Both models identify HbA1c, BMI, and TG as the most influential variables in classifying diabetes status, 
showing strong consistency in variable importance across methods. Elastic Net retains a smaller and more stable 
variable, with 5 variables as compared to LASSO, which retains 10 variables. Therefore, Elastic Net is chosen as 
the best model with 5 variables of BMI, AGE, Chol, TG and HbA1c since it offers the highest accuracy, better balance 
between bias and variance, superior macro-level sensitivity, and a more parsimonious variable structure while 
maintaining strong classification performance across major diabetes categories 

3.6  Goodness-of-Fit Test 

This section will evaluate and check the selected model of Elastic Net fitting on the observed data, which is the 
training data. Fig. 2 illustrates the trends in deviance residuals for each fitted probability in each class as part of 
the Elastic Net model. 

 

Fig. 2 Relationship between Deviance Residuals and Fitted Probabilities Across Diabetes Classes in Elastic 
Net Model 
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Overall, the goodness-of-fit tests indicate that the model Elastic Net represents an acceptable and stable fit for 
the data. The residual trend plot further supports this by both the Diabetic and Non-Diabetic classes having 
decreasing residuals with increasing fitted probabilities which is an expected pattern with a well-behaved model. 
Although the Prediabetic class has higher and more varied residuals, it is consistent with previous results of less 
predictive success with this minority class rather than a model failure. These results suggest that the Elastic Net 
model fits most of the observations well and does not show signs of substantial lack-of-fit. 

4. Conclusion 

Primary objectives in this study are achieved well through the analysis which are investigating the relationship 
between diabetes status and key patient attributes through descriptive analysis including cross-tabulations, Chi-
squared test and Kruskal-Wallis tests. It shows that variables like Age, Urea, Hb1Ac, Cholesterol, TG, VLDL and 
BMI are influential to the diabetes individual classes. Besides, MLR model using LASSO and Elastic Net is successful 
conducted and all the models were trained by 10-fold cross-validation technique. Final objective was to identify 
the most important variables that contribute to the accurate classification of diabetes. Through best model of 
Elastic Net, five variables which are HBA1c, BMI, TG, Age and Cholesterol were the consistently most influential 
variables to the classification of diabetes where the result is also fulfilled as the result shown in Kruskal-Wallis 
test. To put it into a nutshell, the study achieved success for all research goals while statistically meaningful 
relationships were established between the variables and diabetes classification, well-constructed regularised 
MLR models were built, and the most important variables were found through a well-validated model selection 
process.  

Although the study has achieved its objectives, there are some limitations throughout the whole research. 
Firstly, the database was collected from a single source and it may not be used as a representative of wider 
population differences in demographic and biochemical profiles. Previous studies have proved that diabetes risk 
factors and disease patterns may vary across regions, healthcare systems and population groups, thereby limiting 
the generalizability of findings derived that only from one single source [28].  Secondly, there was an obvious class 
imbalance in the dataset where the Diabetic class was found to be the majority class and the Prediabetic class was 
relatively small. Similar challenges have been reported in diabetes prediction studies, where minority classes are 
often misclassified due to overlapping clinical characteristics and insufficient representation [29]. To further 
improve generalisability, much larger and more diverse datasets from multiple populations of hospitals should be 
used. Advanced data balancing techniques to overcome class imbalance such as oversampling, under sampling or 
synthetic data generation methods like SMOTE are also encouraged for the improvement of model detection of 
minority classes, especially for Prediabetic classes [30]. The model performance would improve with a more 
holistic understanding of diabetes risk factors would be achieved by expanding the range of variables to 
behavioural, lifestyle and clinical history variables. For future studies, some advanced forms of machines learning 
techniques like Random Forest, XGBoost, Support Vector Machines or Neural Networks, which may capture 
complex interactions and non-linear relationships in more ways [31]. Finally, the validation of the chosen model 
of the Elastic Net on an independent dataset is recommended to further assess its robustness and applicability in 
real-world clinical scenarios [32]. 
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