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Diabetes is a growing global health concern, affecting millions of individuals and 

placing a significant burden on healthcare systems. Early and accurate diagnosis is 

crucial for effective disease management, yet traditional diagnostic methods may be 

time-consuming or less efficient in handling large volumes of patient data. Machine 

learning algorithms, such as Logistic Regression Model (LRM) and Naive Bayes 

(NBayes), offer potential solutions for improving the accuracy and speed of diabetes 

classification based on available datasets. However, there is limited research on 

comparing the effectiveness of these two widely used algorithms in predicting diabetes 

dataset, particularly in terms of their performance metrics such as accuracy, precision, 

recall, and computational efficiency. This study aims to address this gap by evaluating 

and comparing the performance of LRM and NBayes in predicting the presence or 

absence of diabetes, utilizing a publicly available dataset on the WEKA platform. The 

results showed that LRM outperforms NBayes in terms of prediction accuracy, correctly 

classifying 15,081 instances compared to NBayes' 14,748. LRM also achieves superior 

performance across multiple metrics, including accuracy (88.71% vs 86.75%), precision, 

recall, F-measure, and ROC Area, while maintaining a lower error rate (11.29% vs 

13.25%). However, NBayes exhibits faster model build time (0.09 sec vs 1.17 sec). 

Based on these findings, LRM is recommended for diabetes dataset classification. Future 

research may explore comparisons of LRM with other algorithms such as Support Vector 

Machines, Decision Trees, and Neural Networks to assess LRM's generalizability and 

robustness. 
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INTRODUCTION 

Background to the Study 

Diabetes is a growing global health concern, affecting 

millions of individuals and placing a significant burden on 

healthcare systems (WHO, 2020). Early and accurate 

diagnosis is crucial for effective disease management, yet 

traditional diagnostic methods may be time-consuming or 

less efficient in handling large volumes of patient data. 

Machine learning algorithms, such as Logistic Regression 

Model (LRM) and Näive Bayes (NBayes), offer potential 

solutions for improving the accuracy and speed of diabetes 

classification based on available datasets. However, there is 

limited research on comparing the effectiveness of these two 

widely-used algorithms in predicting diabetes, particularly in 

terms of their performance metrics such as accuracy, 

precision, recall, and computational efficiency. 

The lack of a clear understanding of which algorithm is more 

suitable for diabetes prediction poses a challenge to 

healthcare professionals and researchers who aim to 

implement data-driven diagnostic tools. Moreover, while 

LRM is often praised for its high interpretability, NBayes is 

known for its faster model build times, making it important to 

weigh the trade-offs between predictive accuracy and 

efficiency. Therefore, there is a need for a comprehensive 

comparison of these two algorithms to guide the selection of 

the most effective model for diabetes prediction. This study 

aims to address this gap by evaluating and comparing the 

performance of LRM and NBayes in predicting the presence 

or absence of diabetes, utilizing a publicly available dataset 

on the WEKA platform.  

The study contributes by comparing Logistic Regression and 

Naïve Bayes for diabetes classification using multiple 

performance metrics. It provides evidence that Logistic 

Regression achieves better predictive performance in terms of 

accuracy, precision, recall, F-measure, and ROC area. Naïve 

Bayes, however, demonstrates greater computational 

efficiency through a shorter model-building time. The 

remainder of this study is structured as follows: Section 2, 

reviews of related studies; Section 3, materials and methods; 

Section 4, results and discussion; and Section 5, conclusion. 

 

Reviews of Related Studies 

Researchers have employed various approaches to investigate 

diabetes classification under various algorithms with different 

performance metrics. The emergence of machine learning 

(ML), a subset of artificial intelligence, has introduced a new 

dimension in diabetes care by enabling data-driven 

predictions and decision-making support. Supervised 

learning algorithms, in particular, can process large volumes 

of patient data to identify patterns and offer individualized 

insights (Ravı et al., 2019; Kumar et al., 2020), offering an 

opportunity to transform diabetes management through 

precision medicine. 

Several studies highlight how ML models are being deployed 

to predict and control blood glucose fluctuations with notable 

success. Madden et al. (2018) demonstrated that ML 

algorithms could accurately forecast future blood glucose 

levels, allowing patients to make timely adjustments in 

insulin or diet. Random forest models have achieved up to 

90% accuracy in predicting hypoglycemic episodes (Kandula 
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et al., 2020), thus helping prevent life-threatening events like 

seizures or diabetic coma. In addition, ML-based decision 

tree models have been employed to optimize drug regimens. 

Wang and Huang (2020) showed that a tailored medication 

plan using ML reduced hypoglycemic events by 25%. 

Furthermore, ML-driven mobile applications have enhanced 

medication adherence and lifestyle compliance. Huang and 

Wang (2020) reported a 30% increase in patient adherence 

through personalized mobile reminders. ML also aids in early 

detection of complications. For example, deep learning 

models can diagnose diabetic retinopathy with up to 97% 

accuracy (Gulshan et al., 2019; Rajalakshmi et al., 2020), 

demonstrating enormous potential for preventive care. 

Beyond disease management, machine learning enables 

personalized medicine by analyzing patient heterogeneity. 

Zhang and Wang (2020) used clustering techniques to 

segment diabetes patients based on unique clinical 

characteristics, facilitating customized interventions. 

Similarly, machine learning techniques applied to electronic 

health records (EHRs) using natural language processing can 

extract valuable clinical information to inform better care 

decisions (Shanholtzer et al., 2020). Wearable devices 

integrated with ML models also support real-time 

monitoring; Lee et al. (2020) found that wearables could 

predict blood glucose with 85% accuracy. Clinical trials 

confirm ML's impact, as Blenkinsop et al. (2020) found 

improved glucose control in patients using ML-powered 

decision support systems. Despite this progress, there is a 

significant literature gap concerning real-world integration. 

Francesco et al. (2020) noted that ML tools often lack 

compatibility with existing clinical workflows, creating 

barriers to widespread adoption. 

Crucially, further research is needed to address persistent 

challenges. One major limitation is the lack of representative 

datasets. Many ML models are trained on homogenous 

populations, which introduces bias and limits their 

generalizability across diverse age, ethnic, and 

socioeconomic groups (Kumar et al., 2020). Additionally, the 

ethical and legal implications of using sensitive patient data 

in ML systems raise serious concerns about privacy and 

security. While advances in privacy-preserving algorithms 

show promise (Shanholtzer et al., 2020), more work is 

required to develop transparent, secure, and ethically sound 

models. Reinforcement learning a form of ML that adapts 

dynamically to patient feedback also presents a promising but 

underexplored area for tailoring diabetes care (Kumar et al., 

2020). Overall, while ML is reshaping diabetes care through 

innovation and personalization, future work must focus on 

bridging implementation gaps, ensuring fairness, and 

enhancing ethical standards to realize its full potential. 

 

MATERIALS AND METHODS 

Experimental Setup 

The Steps Adopted for Performing the Experiment 

Step 1: Data Collection: the diabetes dataset was sourced 

from the Kaggle repository dataset and imported into the 

WEKA tool via a command delimited (CSV) file. 

 

Step 2: Dataset Description: the dataset comprises nine 

attributes with 99982 instances, the attributes containing: 

gender, age, hypertension (hyper), heart disease (heart_d), 

smoking history (smoking), bmi, HbA1c level (HbA1c_l), 

blood glucose level (blood_gl) and diabetes as class label, 

where the diabetes is coded as follow𝑠 𝑌𝑖 (presence or 

absence) i.e.(1, 0). If  𝑌𝑖 𝜖(1) this represents 𝑖𝑡ℎ patient with 

diabetes and if 𝑌𝑖 𝜖(0) this represents 𝑖𝑡ℎ patient without 

diabetes. For this study, the 99982 instances from the diabetes 

dataset were utilized. Initially, the class label distribution was 

imbalanced, with 91482 instances labeled as absents and 8500 

instances labeled as present of diabetes, as depicted in Figure 

1. 

 

Step 3: Preprocessing: (Balancing of Class Label 

Distribution): the imbalanced class distribution was 

addressed before modelling; the class labels were randomly 

balanced using Spread Subsample in the WEKA tool. 

Consequently, both presence and absence categories were 

adjusted to contain 8500 instances each, resulting in a total of 

17000 instances with nine (9) attributes, as illustrated in 

Figure 2. 

 

Step 4: Modelling: LRM and NBayes were modeled using 

10-fold cross-validation. Subsequently, a confusion matrix 

was computed for each algorithm, as detailed in Table 3, 

using WEKA and Figure 3 using R programming language. 

 

Step 5: Performance Evaluation: the performance metrics of 

each algorithm were analyzed to determine which algorithm 

exhibits superior performance in accurately predicting 

diabetes dataset as present or absent, as outlined in Table 3 

and 4 respectively. 

 

Confusion Matrix  

Table 1: Shows The Descriptions of the Confusion Matrix 

 Observed 

  𝒀𝑬𝑺 𝑵𝑶 

Predicted model 𝒀𝑬𝑺 𝑇𝑃 𝐹𝑃 

𝑵𝑶 𝐹𝑁 𝑇𝑁 

 

where, True positives (TP) are when the class label is 

correctly predicted to be positive (YES), and it is observed to 

be positive (YES). False positives (FP) are when the class 

label is predicted to be positive (YES), and it is observed to 

be negative (NO). False Negatives (FN) are when the class 

label is predicted to be negative (NO), and it is observed to be 

positive (YES). True Negative (TN):  when the class label is 

correctly predicted to be negative (NO), and it is observed to 

be negative (NO) as used in ( Ibrahim et al., 2021). 

 

 

 

Performance Metrics 

The performance matrices of classifiers include the 

following: Accuracy, Error rate, Precision, Recall, F-measure 

and Time taken to build the model. The terms are defined as 

follows: 

Accuracy (AC) = 
(TP+TN)

(TP+TN+FP+FN)
  (1) 

Error rate (ER) = 1 − 𝐴𝐶𝐶   (2) 

Precision (P) =   
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
   (3) 

Recall(R) = 
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
    (4) 

F-measure (F) = 
2×𝑅𝑒𝑐𝑎𝑙𝑙 ×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
  (5) 
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Mathematical Description of Algorithms  

Brief descriptions of the mathematical development of 

classification algorithms used are provided in what follow: 

 

Logistic Regression Model  

Consider a collection of k-categorical or continuous features 

(or predictor variables) be denoted by vector 𝑋1 =
(𝑥1, 𝑥2, … 𝑥𝑘). let the conditional probability that the label 

class is present be denoted by 𝑃(𝑌 = 1|𝑥1, 𝑥2, … 𝑥𝑘), then the 

logit or log odds of having 𝑌 = 1 is modeled as a linear 

function of features (or predictor variables) as: 

𝑙𝑛 ⌈
𝑝

1−𝑝
⌉ = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ +𝛽𝑘𝑥𝑘 as adopted in ( 

Ibrahim et al., 2021)   (6) 

𝑝

1−𝑝
= 𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘  (7) 

   𝑝 =
1

1+𝑒−𝑧    (8) 

where 𝑍 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ +𝛽𝑘𝑥𝑘 (9) 

and 𝛽0 is the constant or intercept and 𝛽1 , 𝛽2 , … , 𝛽𝑘    are the 

regression coefficients 𝑥1, 𝑥2, … 𝑥𝑘 respectively. 

Thus, the decision boundary for two-class logistic regression 

lies where the prediction probability is 0.5. i.e. 

𝑝(𝑌 = 1|𝑥1, 𝑥2, … 𝑥𝑘) =
1

1+𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘
= 0.5 (10) 

This occurs when 

−𝛽0 − 𝛽1𝑥1 − 𝛽2𝑥2 − ⋯ −𝛽𝑘𝑥𝑘 = 0  (11) 

Because this is a linear equality in the attribute values, the 

boundary is a plane, or hyper plane, in an instance space. It is 

easy to visualize sets of points that cannot be separated by a 

single hyperplane, and these cannot be discriminated 

correctly by logistic regression. 

 

 

 

 

Näive Bayes Algorithm 

Naive Bayes is a supervised learning algorithm based on 

Bayes' theorem, which calculates the probability of a class 

given some features. 

 

Bayes' Theorem 

P(C|F) = 
P(𝐹|𝐶) ∗ P(𝐶)

P(𝐹)
   (12) 

Where: 

P(C|F)= Posterior probability (probability of class C given 

features F) 

P(F|C) = Likelihood (probability of features F given class C) 

P(C) = Prior probability (probability of class C) 

P(F) = Normalization factor (probability of features F) 

 

Näive Bayes Algorithm Equation: 

For a dataset with n features 𝑋1 = (𝑥1, 𝑥2, … 𝑥𝑛) and 𝑘 

classes (𝐶1, 𝐶2, … , 𝐶𝑘), the Naive Bayes algorithm calculates: 

P(𝐶𝑖|𝑥1, 𝑥2, … 𝑥𝑛)  

=
P(𝑥1|𝐶𝑖) ∗ P(𝑥2|𝐶𝑖) ∗ ...∗ P(𝑥𝑛|𝐶𝑖) ∗ P(𝐶𝑖)

P(𝑥1,𝑥2,…𝑥𝑛)
  (13) 

Assuming feature independence: 

P(𝑥1, 𝑥2, … 𝑥𝑛|𝐶𝑖)=P(𝑥1|𝐶𝑖)  ∗  P(𝑥2|𝐶𝑖)  ∗ . . .∗  P(𝑥𝑛|𝐶𝑖) (14) 

The application of NBayes includes:  Spam detection; 

Sentiment analysis; Image classification; Medical diagnosis 

etc. 

 

RESULTS AND DISCUSSION 

This section showed the analyzed results with their findings. 

Thus, Table 2 shows the raw data from diabetes with nine (9) 

attributes, followed by Figure 1 and Figure 2 that illustrate the 

class label of diabetes for the both imbalanced and balanced 

cases. Subsequently, a confusion matrix was computed for 

each algorithm, as detailed in Table 3, and Performance 

matrices in Table 4 respectively. 

Table 2: Shows The Diabetes Raw Data 

Gender Age Hyper Heart_d Smoking bmi HbA1c_l blood_gl Diabetes 

Female 80 0 1 never 25.19 6.6 140 0 

Female 54 0 0 No Info 27.32 6.6 80 0 

Male 28 0 0 never 27.32 5.7 158 0 

Female 36 0 0 current 23.45 5 155 0 

Male 76 1 1 current 20.14 4.8 155 0 

Female 20 0 0 never 27.32 6.6 85 0 

Female 44 0 0 never 19.31 6.5 200 1 

Female 79 0 0 No Info 23.86 5.7 85 0 

Male 42 0 0 never 33.64 4.8 145 0 

Female 32 0 0 never 27.32 5 100 0 

Female 53 0 0 never 27.32 6.1 85 0 

Female 54 0 0 former 54.7 6 100 0 

Female 78 0 0 former 36.05 5 130 0 

Female 67 0 0 never 25.69 5.8 200 0 

 

This is the dataset that the study utilized. The dataset 

comprises nine attributes, the attributes containing: gender, 

age, hypertension (hyper), heart disease (heart_d), smoking 

history (smoking), bmi, HbA1c level (HbA1c_l), blood 

glucose level (blood_gl) and diabetes as class label, where the 

diabetes is coded as follow𝑠 𝑌𝑖 (1 or 0). If  𝑌𝑖 𝜖(1) this 

represents 𝑖𝑡ℎ patient with diabetes and if 𝑌𝑖 𝜖(0) this 

represents 𝑖𝑡ℎ patient without diabetes. For this study, the 

99982 instances from the diabetes dataset were sourced. 
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Figure 1: Illustration of The Class Label with an Imbalanced Distribution 

 

For this study, the 99982 instances from the diabetes dataset 

were utilized. Initially, the class label distribution was 

imbalanced, with 91482 instances labelled as absents and 

8500 instances labeled as present of diabetes, as depicted in 

Figure 1. Thus, the Figure 2, illustrated the class labels with a 

balanced distribution. 

 

 
Figure 2: Illustration of The Class Label with A Balanced Distribution 

 

The imbalanced class distribution was addressed before 

modelling, so that a particular class label would not have 

advantages over the others, thus, the class label with no 

(absent) was randomly balanced using Spread Subsample in 

the WEKA tool. Consequently, both presence and absence 

categories were adjusted to contain 8500 instances each, 

resulting in a total of 17000 instances with nine (9) attributes, 

as illustrated in Figure 2. Thus Table 3 shows the confusion 

matrix for LRM and NBayes after modelling. 

 

Table 3: Shows The Confusion Matrix for LRM and Nbayes in The Diabetes Dataset 

LRM Observed NBayes Observed 

Predicted model  no yes Predicted 

model 

 no yes 

no 7566 934 no 7569 931 

yes 985 7515 yes 1321 7179 

 

Table 3 presents the accuracy of predictions made by LRM 

and NBayes. Specifically, LRM correctly classified 15081 

instances and misclassified 1919 instances. On the other 

hand, NBayes correctly classified 14,748 instances and 

misclassified 2252 instances. These findings suggest that the 

LRM algorithm demonstrates higher accuracy in predicting 

diabetes dataset as presence or absence of diabetes. 

 

Table 4: Shows The Performance Metrics of Both LRM and KNN in Diabetes Dataset 

 Metrics LRM NBayes 

Accuracy 88.7118 % 86.7529 % 

Error rate 11.2882% 13.2471 % 

Precision 88.7% 86.8% 

Recall 88.7% 86.8.% 

F-measure 88.7% 86.7% 

ROC Area 96.3% 94.7% 

Time taken 1.17 sec 0.09 sec 

 



Evaluating the Predictive Performance…  Suleman et al., FJS 

 FUDMA Journal of Sciences (FJS) Vol. 10 No. 23, December, 2026, pp 113 – 118 117 117 

Based on the diabetes dataset presented in Table 4, a 

comprehensive comparison was conducted between LRM 

and NBayes algorithms. The results showed that LRM 

outperforms NBayes across multiple performance metrics: 

higher accuracy (88.7118 % vs 86.7529 %), precision (88.7% 

vs 86.8%), Recall (88.7%, 86.8.%), F-measure (88.7% vs 

86.7%), and ROC Area (96.3% vs 94.7%). Additionally, 

LRM exhibits a lower error rate (11.2882% vs 13.2471 %). 

However, it's important to note that NBayes demonstrates 

superior faster model build time compared to LRM (0.09 sec 

vs 1.17 sec). This study aligns with previous work (Huang et 

al., 2020); Ibrahim et al., 2021 and Ibrahim et al., 2024), 

among other studies. Thus, Figure 3 shows a comprehensive 

comparison between LRM and NBayes algorithms. 

 

 
Figure 3: Illustration of The Multiple Bar Chart for Each Algorithm Across Performance 

Metrics 

 

Figure 3 shows a comprehensive comparison between LRM 

and NBayes algorithms. The chart showed that LRM 

outperforms NBayes across multiple performance metric 

except time taken. 

 

CONCLUSION  

In this study, LRM and NBayes were successfully 

implemented on the WEKA platform, utilizing the diabetes 

dataset. The study suggests that LRM is more efficient than 

the NBayes algorithm for accurately categorizing diabetes 

patients as present (yes) or absent (no). The study therefore 

recommended the adoption of LRM for diabetes dataset 

prediction. Limitation, this study was limited to Diabetes 

dataset with two algorithms, namely, LRM and NBayes only. 

Moreover, future investigations may involve comparing 

LRM with other prominent algorithms like Support Vector 

Machines (SVM), Decision Trees, and Neural Networks, 

utilizing the same dataset to evaluate the generalizability and 

resilience of LRM. 
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