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Diabetes is a global health concern that affects people of all races. With different uncertainties in
human lifestyles, it is difficult to predict diabetes while assuming that the risk patterns are the
same for all. The likelihood of diabetes in a patient is mostly predicted using machine learning
(ML) models on features explicitly available in datasets, while the intrinsic relationship between
features viz-a-viz their potential relevance to the presence of diabetes is oftentimes neglected. In
this work, we explored feature importance and correlation to derive the top 15 feature pairs from
a dataset of 263,882 samples of anonymized patient information. These top-15 feature pairs
were fed into five different ML models (decision tree (DT, neural networks (NN), random forest
(RF), support vector machine (SVM) and extreme gradient boosting (XGB)) for predicting the
likelihood of diabetes, while also feeding the direct features (without correlated pairing) sepa-
rately into the same 5 ML models. The models’ performances were evaluated using accuracy,
precision, recall and Fl-score and NN presented the best performance overall achieving an
Fl-score of 85% for the correlated feature pairs (CF) and 75% for the direct feature pairs.
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The results confirm the importance of the correlation/relationship between features in pre-
dicting the likelihood of diabetes in patients more accurately.

Keywords: Diabetes; machine learning; risk prediction; paired relationship; decision support.

1. Introduction

Diabetes is a medical ailment that is depicted by high quantities of blood glucose or
sugar in the human body. With two basic types of diabetes, health experts explained
that Type 1 diabetes is initiated by a deficiency in insulin generation by the pancreas,
and Type 2 diabetes is characterized by the body’s cells becoming defiant to the
results of insulin.' Despite being a non-communicable disease, type 2 diabetes has
recently gained the status of an epidemic silent killer.? It is not a respect of age,
ethnicity, or nationality. If a person’s blood sugar balance varies from 100 to
125 mg/dL, he is diagnosed with prediabetes since the actual normal range of glucose
levels in the human body is 70-99 decimeters.® In 2021, the International Diabetes
Federation (IDF) records showed that the world had over 536.6 million diabetics,*
and predicted that 783.2 million people are expected to be living with diabetes in the
year 2045. Since diabetes is a chronic condition that has no cure now, detecting
diabetes early is crucial for effective and ongoing management and/or treatment,
although it remains a challenging task.” While various interventions and lifestyle
changes can help control and mitigate the effects of diabetes, with the manual pre-
vention approach, hidden patterns in data may go unnoticed, leading to suboptimal
decision-making and depriving patients of the care they need. To address this issue,
the automated identification of diabetes with improved accuracy through data
mining is essential. Data mining continues to grow in popularity in the healthcare
industry because the vast amounts of information generated by clinical and human
lifestyle transactions are too complex to manage and analyze using conventional
methods.® Given this, machine learning (ML) models have been used extensively in
the prediction and management of healthcare challenges like diabetes. They are
designed to predict the likelihood of an individual becoming diabetic based on a set of
demographics, clinical and lifestyle factors.” These models have been utilized for a
variety of tasks, such as the prediction of diabetic complications,® the exposure to
early-stage diabetes, risk factors associated with the disease and the optimization of
treatment plans.’

ML models have been developed to predict the likelihood of diabetes in patients
based on information such as cholesterol level, blood pressure, demographic and
socio-economic factors (e.g. age, income, etc.) and fruit intake among others.'’ These
factors (or features) are often fed directly into ML models to learn their correlation
with diabetes so that they can be used to predict it. While these methods have
worked so far, they have not been able to uncover the hidden relationships between
features which can significantly enhance predictive performance. Here, the research
answers the question of how the correlation and relationship between features can
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impact the accuracy of predicting diabetes likelihood in patients using ML models.
We believe the predictive power of ML-based diabetes prediction models can be
enhanced by using the inter-relationships or correlations between input features.
While many studies in the field of diabetes prediction utilize ML models, this study
uniquely emphasizes the importance of considering the interplay between features
and their correlations, rather than solely relying on individual feature importance.
Traditional methods often treat features independently, overlooking potential de-
pendencies and interactions among them. By investigating feature correlation, this
approach acknowledges the complex nature of diabetes and recognizes that a holistic
understanding of feature interactions may lead to more accurate predictive models.
In contrast, other methods may focus solely on individual feature importance or use
simpler modeling techniques that do not account for feature correlations. By
explicitly addressing the impact of feature correlation on prediction accuracy, this
study provides insights into how ML models can be optimized for diabetes predic-
tion, potentially leading to more effective diagnostic and management strategies.
Thus, by leveraging existing advances in this area, ML models were used in this work
to uncover hidden patterns in human lifestyle to detect correlations between high-
risk features, which contribute significantly to diabetes at an early stage for
improved accuracy in diabetes prediction. The objective is to detect paired feature
patterns that will enable timely intervention while improving patient outcomes. The
specific contributions of this paper include the detection of high-risk factors through
feature importance scoring and feature correlation and the uncovering of hidden
personalized factors through ML models for improved diabetes prediction. The
obtained correlated features serve as an enhancement of the original features thereby
improving prediction performance. Experiments were performed on a dataset of
263,882 samples of anonymized patient information using five different ML models,
decision tree (DT), neural networks (NN), random forest (RF), support vector
machine (SVM) and extreme gradient boosting (XGB) to compare the predictive
powers of these derived correlated feature pairs (CF) with those of the direct fea-
tures. DT models, known for their interpretability, are utilized in understanding
feature relationships. However, their susceptibility to overfitting could undermine
the accuracy of predictions, especially in intricate feature correlations. NN excels in
capturing complex feature relationships, which is crucial for understanding the
nuanced interplay of features in diabetes prediction. Nevertheless, their requirement
for extensive data and computational resources might pose challenges in fully
exploiting feature correlations. RF models leverage ensemble learning to mitigate
overfitting, thus offering robustness in handling correlated features. However, their
computational demands might hinder their effectiveness in processing large datasets
with intricate feature correlations. SVM models are adept at handling high-dimen-
sional feature spaces, which is advantageous in capturing subtle correlations.
Nonetheless, careful selection of kernel functions and hyperparameter tuning is
essential to fully harness the benefits of feature relationships. XGB techniques are
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renowned for their efficiency in capturing intricate feature interactions, making them
well-suited for exploiting correlations in diabetes prediction. However, their
susceptibility to overfitting necessitates meticulous hyperparameter tuning to ensure
optimal performance. Section 2 provides a sample of related works in the field of
diabetes prognostication through ML techniques. Section 3 discusses the ML model
and the processes employed in this research. In Sec. 4, sample experiments and the
consequent results are presented. Section 5 concludes.

2. Related Works on Diabetes Risk Prediction

In more recent times, artificial intelligence has continued to revolutionize the health
industry with progressive impacts. The authors in Ref. 11 conducted a detailed
analysis of ML applications in healthcare, covering disease diagnosis, patient
monitoring and healthcare management. A depression detection model was built by
213 used ML for hypertension prediction, while an ML model was de-
veloped by Yue et al.'* for the purpose of diagnosing and predicting the prognosis of

Islam et al.

breast cancer. Similarly, an ML model was developed by Ibitoye and Nwosu'® for
analyzing sobriety and relapse in drug rehabilitation while a comparative analysis
was conducted by Famutimi et al.'% to evaluate the performance of single structure
columnar in-memory and disk-resident data storage techniques using large health-
care datasets. However, when it comes to research works in diabetes, there are several
types of diabetes prediction models, ranging from simple scoring systems that use a
few clinical variables to complex ML models that integrate hundreds or thousands of
variables.'” Healthcare workers can utilize these models to identify individuals who
are at high possibilities of developing diabetes, which can help guide targeted
intervention aid in the prevention or postponement of the disease onset. Diabetes
prediction using ML has been a popular research topic in current times. Various ML
algorithms have been used to predict diabetes, including artificial neural networks
(ANN), logistic regression (LR), RF, SVM and DT.'® In Ref. 19, SVM was used to
envisage the chances of diabetes on demographic and clinical features. The model
attained an accuracy of 89.4% and an area under curve (AUC) of 0.932. A gradient-
boosting model was used in Ref. 20 to predict diabetes in the Chinese population.
The study recorded an accuracy of 82.68% and an area under the curve-receiver
operating characteristic (AUC-ROC) of 0.87. By exploiting anthropometric and
lifestyle factors, the authors of Ref. 21 used an LR model to calculate the risk of
diabetes. The model accomplished an accuracy of 71% and an AUC of 0.763. Some
studies have used demographic, clinical and lifestyle factors as predictors, while
others have used genetic and biomarker data. With the use of a DT model, an
accuracy of 81.6%, sensitivity of 79.2% and specificity of 82.7% were chronicled in the
risk prediction of diabetic retinopathy using clinical and demographic features in
Ref. 22. Using an ANN model in Ref. 23, an accuracy of 88.46% and an AUC of 0.954
were achieved when demographic and clinical features were used for diabetes risk
prediction. Beyond ML, a study in Ref. 24 used a deep learning approach with a
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convolutional neural network (CNN). These models can be employed to forecast the
likelihood of developing type 2 diabetes in the Chinese population. It achieved an
AUC of 0.81, which outperformed traditional ML models. In Ref. 25, an ML model
was developed to predict the probability of developing type 2 diabetes in the United
Kingdom Biobank population. Their research used a dataset of over 500,000
individuals with various demographic, clinical and lifestyle factors. Several ML
algorithms were then trained on this dataset to predict diabetes risk. The results
showed that the ML model had high accuracy in predicting diabetes risk, ROC of
0.89. Similarly, Yan et al.?® developed an ML model for predicting the risk of type 2
diabetes in a Chinese population. The ML algorithms employed include DT, LR and
RF. The best AUC score of 0.83 was achieved by the RF algorithm, indicating good
discrimination between individuals with and without diabetes. Similarly, in Ref. 27,
an RF model was developed to predict the risk of diabetes using clinical and bio-
chemical features. The model got an accuracy of 93.33% and an AUC of 0.992. In
Ref. 28, the authors employed six ML algorithms to predict diabetes on a dataset of
403 instances and 11 attributes. The six ML algorithms achieved the following
prediction accuracies, LR (69%), multi-layer perceptron (90.99%), SVM (92%),
DT (96%), gradient boosting (97%) and RF, which had the best prediction accuracy
of 98%. The authors of Ref. 29, used a dataset of 2056 de-identified patients which
contained 50% type 2 diabetes patients and non-diabetic patients. They employed
eight different ML algorithms and reported the superior performance of RF, which
achieved an AUC score of 0.91. A fused ML model was developed in Ref. 30 to predict
diabetes on a dataset of 520 examples. The fused model consists of ANN and SVM
models whose predictions were fed into a fuzzy model which determines the final
prediction. Using a 70:30 training/test split of the dataset, the authors reported a
94.87% prediction accuracy of the fused model which was better than those of the
individual models with SVM achieving 89.1% and ANN achieving 92.31%. In Ref. 31,
the authors used four tree-based classifiers (Gradient Boosting, Adaboost, DT and
Extra Tress) to calculate the beginning of diabetes on the PIMA dataset®” containing
768 instances. They found that the extra trees classifier achieved the best perfor-
mance with an AUC of 96%. In this work, we employed a classification approach to
predicting diabetes from personalized features. Using five different ML algorithms,
we employed a binary classification approach and compared the performances of the
algorithms on the diabetes dataset. This offers the advantage of providing direct
prediction of the possibility of the disease and the opportunity to investigate the
performances of the different algorithms before selecting an optimal one.

3. ML Models for Personalized Diabetic Risk Prediction

Generally, diabetes risk prediction models are valuable tools for recognizing
personalities who have a great chance of developing diabetes before the beginning of
symptoms. This is important because the earlier the identification, the faster the call
for targeted interventions and lifestyle modification. Here, the diabetes risk
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Fig. 1. Diabetic model for personalized risk prediction.

prediction models considered and used associated features in the dataset to classify
the diabetic status of a patient. The procedure used in the model development is
presented in Fig. 1 with an inherent description afterwards.

fs is the recursive feature selection algorithm, f,,, defines Pearson’s correlation
coefficient, while fi, f, ..., f, indicates the set of optimal features. Thus, from Fig. 1,
the following processes are obtainable.

(1) Data Collection: Here a comprehensive dataset of anonymous records with a
diverse range of information on behavioral lifestyles like Smoking, Glucose
level, Blood Pressure, Income, Insulin, Cholesterol and demographical attributes
like sex, and age were utilized to ensure reliability for analysis as the diabetics’
dataset.

(2) Preprocessing: Initially, preliminary data pre-processing activities were
conducted to handle missing values through mean imputation from the panda’s
library. Then, to address outliers, Tukey’s method through the scipy library in
python was adopted. Also, zscore normalization from sci-kit-learn was used to
standardize the numerical variables. For further analysis, these procedures
ensured the dataset was clean and well-prepared.

(3) Feature Selection: Using an automated feature algorithm, here, recursive
feature elimination f;, the most relevant features (predictors) from the dataset
that have a strong association with the risk of diabetes were identified.

(4) Correlation Analysis: By using Pearson’s correlation coefficient, f.q.,,
selected features were analysed to identify any strong correlations that may
impact the accuracy of the model.

(5) Model Training: After preprocessing the data, the dataset is divided into a 70%
training set and a 30% test set. The training set is then used to train the ML model
using different algorithms, including DT, RF, XGBoost, SVM and NN. These
algorithms enable the model to learn patterns and relationships within the data,
allowing it to make predictions when presented with the test set.
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Model Configurations: To enhance model performance and predictive
accuracy, the model hyperparameters were fine-tuned. For NN, the optimal hyper-
parameter values are: Learning Rate: 0.015, Number of Epochs: 10 and Batch Size:
64. A feedforward NN architecture was employed with two hidden layers, dropout for
regularization and batch normalization for improved convergence. The model
was compiled with the Adam optimizer and binary cross-entropy loss for binary
classification. Shifting the attention to XGBoost, the objective remains consis-
tent: essential for maximizing its performance. Here, its optimal Learning Rate
was 0.18, the Number of Estimators (Trees): was 80, and the Maximum Depth
of Trees was adjusted randomly. DT parameters such as maximum depth, min-
imum samples split and minimum samples leaf are considered. The Number of
Estimators (Trees): 100, Maximum Depth of Trees: None (or another reasonable
value), Minimum Samples Split: 2 and Minimum Samples Leaf: 1 were
the optimal fine-tuned hyperparameter values for RF. The SVM utilizes a C
(Regularization Parameter) value of 1.0, and the radial basis function (RBF).
The Gamma (Kernel Coefficient) was set to “auto” for RBF. All the models were
trained on 70% of the dataset and tested with 30% of the dataset. The associated
features delivered a comprehensive representation of the patterns and relation-
ships in the data. With 56.5% of the attributes giving complementary information
about the target variable, accuracy was enhanced when compared to using 100%
features. However, the individual contributions of each feature to the classifica-
tion decision are not reported in this instance. In Sec. 4, detailed experiments
and algorithm evaluations are presented alongside exploratory information for
consideration.

4. Experiments and Evaluations

From a dataset with 263,882 rows, and 23 columns with different lifestyles such as
body-mass index (BMI), Age, Income, High blood pressure, education, exercise,
smoker and more. The Python sci-kit-learn library was used to build five (5) distinct
ML models from the top 15 pairs of associated features realized from 13 distinct
features in the dataset. In Fig. 2, the feature importance scores are displayed in
descending order. Preliminary investigation revealed that the independent impor-
tance of features does not correspond to the relationship existing between features,
which impacts more on the performance of the predictive model. In Table 1, the top
fifteen (15) paired associated features from the dataset are displayed with their
respective scores. The table shows that high cholesterol and alcohol consumption are
the most associated features with a correlation score of 0.99 while the general health
(GenHealth) and BMI of a patient are the least associated pairs of features with a
correlation score of 0.23.

To assess how well the model can predict the likelihood of diabetes founded on the
given features, the trained model was appraised through standard performance
metrics like accuracy, precision, recall and Fl-score on the validation set. This step
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Fig. 2. Feature importance.

assesses how well the model can predict the risk based on the given features and the
average result of each of the learning algorithms is presented in Table 2. As seen in

Table 2, NN achieved the best average result of 93%, 91%, 86% and 87% recall,
precision, accuracy and Fl-score, respectively.

Table 1. Top 15 associated features contributing to
diabetes from the dataset.

S/N  Paired Correlation Feature Score
1. High Cholestrol — Alcohol Consumption — 0.99
2. Heart Attack — High BP 0.87
3. PhysHealth — GenHealth 0.52
4. PhysHealth — Walking Issues 0.48
5. Walking Issues — Gen Health 0.46
6. Income — Education 0.45
7. GenHealth — Income 0.37
8. MentHealth — PhysHealth 0.35
9. WalkIssues — Income 0.32
10. MentHealth — GenHealth 0.30
11. Education — GenHealth 0.28
12. PhysHealth — Income 0.26
13. Exercise — GenHealth 0.26
14. Glucose — Fruits 0.25
15. GenHealth — BMI 0.23

2450006-8



Comp. Open 2024.02. Downloaded from www.worldscientific.com
by 86.27.28.203 on 07/04/24. Re-use and distribution is strictly not permitted, except for Open Access articles.

ML-Based Diabetes Risk Prediction

Table 2. ML model performance evaluation.

Model Accuracy  Precision Recall  Fl-score
DT 0.82 0.80 0.77 0.74
NN 0.87 0.93 0.91 0.85
RF 0.84 0.86 0.87 0.83
SVM 0.76 0.73 0.68 0.69
XGboost 0.86 0.91 0.87 0.83

Overall, the accuracy of the average result of the associated features in the dia-
betic’s classification achieved better results when compared to using all available
features contributing to the targeted output. Hence, the predictive power of the
model is enhanced just as the shared information between the selected features is
highly relevant for the classification.

5. Discussion

First, from Table 2, understanding the performance metrics of these models is crucial
for determining their effectiveness in identifying individuals at risk of diabetes. Now,
let’s delve into the specific implications for diabetic prediction: The NN model
emerges as a standout performer, achieving the highest accuracy of 0.87. This
signifies its ability to correctly predict both diabetic and non-diabetic cases, a
critical aspect in diabetic prediction where misclassifications can have significant
consequences. The NN model’s precision of 0.93 emphasizes its accuracy in positive
predictions, crucial for minimizing false positives in diabetic identification. Moreover,
the NN model’s recall of 0.91 indicates its proficiency in correctly identifying positive
instances, a key factor in diabetic prediction where capturing all potential cases is
imperative. The balanced Fl-score of 0.85 for the NN model underscores its effec-
tiveness, offering a well-rounded measure of precision and recall tailored to
the specific needs of diabetic prediction. XGboost, with an accuracy of 0.86 and a
precision of 0.91, proves to be a strong contender, especially in scenarios where a
slightly lower recall (0.87) is acceptable. This model’s overall Fl-score of 0.83 sug-
gests a balanced trade-off between precision and recall in the context of diabetic
prediction. On the other hand, DT and RF models exhibit good accuracy but show

Table 3. ML model performance evaluation (associated features vs all

features).

Accuracy Precision Recall F'l-score
Model CF All CF All CF All CF All
DT 0.82 0.67 080 071 0.77 074 0.74 0.65
NN 087 074 093 082 091 077 085 0.75
RF 0.84 069 086 078 0.87 074 0.83 0.72
SVM 0.76 0.66 073 0.69 0.68 066 0.69 0.64

XGboost 086 071 091 074 087 0.73 0.83 0.69
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relatively lower precision and Fl-scores. In the realm of diabetic prediction, where
the focus is on identifying positive cases accurately, the NN and XGboost models
outshine these alternatives. The SVM model, with its lower accuracy, precision,
recall and Fl-score, indicates limitations in its suitability for diabetic prediction in
this instance. In a domain where robust predictive capabilities are crucial, the SVM
model falls short compared to the NN and XGboost alternatives.

Subsequently from Table 3, in our investigation into diabetic risk prediction,
a noteworthy observation emerged regarding the impact of feature pairs on model
performance. Specifically, the analysis focused on distinguishing between CF and
direct feature pairs (All) in the context of four ML models: DT, NN, RF and XGBoost.

Key Findings:

(1) Consistent Performance Boost for CF: Across multiple models, including
NN, RF and XGBoost, a recurrent pattern of enhanced performance was ob-
served when utilizing CF. This improvement manifested in higher accuracy,
precision, recall and Fl-score values.

(2) Notable Differences in Precision and Recall: The utilization of CF con-
sistently resulted in substantially higher precision and recall values, indicating
a superior balance between correctly predicted positive observations and
overall positive cases. This finding implies that models trained on CF achieved
a heightened ability to accurately identify positive instances.

(3) Synergistic Information Contribution: CF seemed to contribute syner-
gistic information beneficial for the prediction task. The combined influence
of these correlated features appeared to strengthen the models’ predictive
capabilities, showcasing a potential synergistic effect in the information they
provided.

(4) Potential Reduction in Redundancy: The preference for CF might be
associated with a reduction in redundancy within the data. This reduction
likely facilitated models in capturing more distinctive and relevant information,
contributing to improved generalization.

(5) Model Sensitivity to Complex Relationships: ML models employed, es-
pecially NN and ensemble methods like RF and XGBoost, demonstrated sen-
sitivity to complex relationships between features. Correlated features,
exhibiting intricate interactions, proved advantageous in capturing non-linear
dependencies.

(6) Potential Robustness to Noise: Correlated features showed promise in
offering a degree of robustness to noise within the data. In scenarios where noise
or variability was present, the correlated relationships appeared to act as
stabilizing factors, potentially enhancing the models’ robustness.

In medical settings, minimizing false negatives (increasing recall) is often priori-
tized to avoid missing potential diabetic cases. Both the NN and XGboost models
exhibit strong performance in diabetic prediction. The NN, in particular, emerges as
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the top-performing model across all evaluated metrics, showcasing its potential as a
reliable tool in identifying individuals at risk of diabetes.

6. Conclusion and Future Work

While different factors contribute to the likelihood of diabetes in a person, the degree
of contribution and impact do vary among individuals. To this end, this research
identifies the mutually exclusive relationship between features while returning the
top 15 correlated pairs from a dataset of 263,882 samples for prediction. These
distinct features were used with five supervized machine-learning models. The results
showed that these correlated pairs produce more accurate predictions of the likeli-
hood of diabetes than the direct features with NN performing better than the other
four ML models in all cases. This goes to show that the correlated features can indeed
enhance ML-based diabetes prediction. The limitation of this work is engendered in
the dynamic nature of the features, which requires constant tracking and monitoring
if conducted in real-time. While the study effectively demonstrates the importance of
considering feature correlations in predicting diabetes likelihood, the results may not
apply to other datasets or populations. The dataset used in this study may not
represent the diversity of demographics, lifestyles and healthcare systems found
globally, limiting the external validity of the findings. Moreover, the study could
benefit from a deeper exploration of the biological and clinical relevance of the
identified feature pairs. Understanding the underlying mechanisms linking these
features to diabetes could provide valuable insights for both prediction and inter-
vention strategies. The future direction is to extend the associated features beyond a
pair towards identifying personalized associated features that contribute massively
to the diabetes profile of an individual. Further analyses, including considerations of
model interpretability and validation on independent datasets, will be examined
to enhance the models’ applicability and trustworthiness in real-world diabetic
prediction scenarios. Additionally, the findings can be validated using external
datasets from different populations, domain-specific investigations to elucidate the
biological and clinical significance of the identified feature pairs, enhance model
interpretability through methods such as feature importance analysis, and explore
the integration of additional data sources to improve predictive accuracy and
broaden the scope of the analysis. This will also be more paramount if most of the
features are trackable in real-time.

Acknowledgement

The corresponding author extends gratitude to the School of Computing and
Mathematical Sciences, University of Greenwich, London for their invaluable sup-
port. Additionally, the authors acknowledge the Pattern Recognition and Artificial
Intelligence Laboratory (PRAILAB) at the University of Ibadan, Nigeria, for their
support during the formulation of the research idea.

2450006-11



Comp. Open 2024.02. Downloaded from www.worldscientific.com
by 86.27.28.203 on 07/04/24. Re-use and distribution is strictly not permitted, except for Open Access articles.

A. O. J. Ibitoye, J. D. Akinyemi & O. F. W. Onifade

ORCID

Ayodeji O. J. Ibitoye © https://orcid.org/0000-0002-5631-8507
Joseph D. Akinyemi © https://orcid.org/0000-0003-3121-4231
Olufade F. W. Onifade © https://orcid.org/0000-0003-4965-5430

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

American Diabetes Association, “Standards of medical care in diabetes — 2021 abridged
for primary care providers,” Clin. Diabetes 39(1) (2021) 1-111.

A. Mishra and S. K. Mishra, Type 2 diabetes: An epidemic disease in India, J. Nepal Med.
Assoc. 56(210) (2017) 317-320.
https://www.mayoclinic.org/diseases-conditions/prediabetes/diagnosis-treatment /drc-
20355284 Accessed on 2nd May, 2023.

I Federation, International Diabetes 23 Federation, Idf Diabetes Atlas, 10th edn.,
Brussels, Belgium: International diabetes federation, 2021.

T. Zhu, K. Li, P. Herrero and P. Georgiou, “Deep learning for diabetes: A systematic
review,” IEEE J. Biomed. Health Inf. 25(7) (2020) 2744-2757.

S. S. Nair and T. R. Mary, “Role of data mining in healthcare: A review”, Int. J. Eng.
Adv. Technol. 8(654) (2019) 394-399.

M. M. Christensen and R. L. Haupt, “Machine learning in diabetes research,” Clin.
Diabetes Endocrinol. 5(1) (2019) 1-8.

A. H. AlTabakhi, A. M. Hussain and H. M. Al-Angari, “Predictive modeling of diabetes-
related complications: A systematic review of methods,” J. Med. Syst. 42(7) (2018) 1-15.
A. Rawshani, A. Rawshani, S. Franzén, B. Eliasson, A. M. Svensson, M. Miftaraj and
S. Gudbjornsdottir, “Mortality and cardiovascular disease in type 1 and type 2 diabetes,”
N. Engl. J. Med. 376(15) (2018) 1407-1418.

R. Casanova, S. Saldana, S. L. Simpson, M. E. Lacy, A. R. Subauste, C. Blackshear
and A. G. Bertoni, “Prediction of incident diabetes in the Jackson Heart Study using
high-dimensional machine learning,” PLoS One 11(10) (2016) e0163942.

A. Nayyar, L. Gadhavi and N. Zaman, Machine learning in healthcare: Review, oppor-
tunities and challenges. Machine Learning and the Internet of Medical Things in
Healthcare, Academic Press, Chapter 2, 23-45. ISBN 9780128212295, https://doi.org/
10.1016/B978-0-12-821229-5.00011-2.

S. M. S. Islam, A. Talukder, M. A. Awal, M. M. U. Siddiqui, M. M. Ahamad,
B. Ahammed and R. Maddison, “Machine learning approaches for predicting hyperten-
sion and its associated factors using population-level data from three South Asian
countries,” Front. Cardiovasc. Med. 9 (2022) 839379.

A. O. Ibitoye, R. F. Famutimi, D. O. Olanloye and E. Akioyamen, “User centric social
opinion and clinical behavioural model for depression detection,” Int. J. Intell. Inf. Syst.
10 (2021) 69.

W. Yue, Z. Wang, H. Chen, A. Payne and X. Liu, “Machine learning with applications in
breast cancer diagnosis and prognosis,” Designs 2(2) (2018) 13.

A. O. Ibitoye and C. Nwosu, “A machine learning model for sobriety and relapse analysis
IN drug rehabilitation,” IJISCS, Int. J. Inf. Syst. Comput. Sci. 5(2) (2021) 93-99.

R. F. Famutimi, M. O. Oyelami, A. O. Ibitoye and O. M. Awoniran, “An empirical
comparison of the performances of single structure columnar in-memory and disk-resident
data storage techniques using healthcare big data,” J. Big Data 10(1) (2023) 25.

H. Wu, J. Wu, Q. Yu, J. Yang and J. Wang, “Development of a machine learning model
for predicting type 2 diabetes risk in the UK biobank population,” Healthcare 7(3) (2019)
79, doi: 10.3390/healthcare7030079.

2450006-12


https://orcid.org/0000-0002-5631-8507
https://orcid.org/0000-0002-5631-8507
https://orcid.org/0000-0003-3121-4231
https://orcid.org/0000-0003-3121-4231
https://orcid.org/0000-0003-4965-5430
https://orcid.org/0000-0003-4965-5430

Comp. Open 2024.02. Downloaded from www.worldscientific.com
by 86.27.28.203 on 07/04/24. Re-use and distribution is strictly not permitted, except for Open Access articles.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

ML-Based Diabetes Risk Prediction

F. Atiquzzaman, S. A. S. M. Bari and M. A. Hossain, “A review of machine learning
algorithms for diabetes prediction,” Diabetes Res. Clin. Pract. 174 (2021) 108773,
doi: 10.1016/j.diabres.2021.108773.

Y. Cui, W. Sun and S. Guo, “Application of support vector machine algorithm in the
prediction of diabetes, J. Med. Syst. 45(1) (2021) 6, doi: 10.1007/s10916-020-01713-7.
J. Yang, X. Liu and Y. Liu, “A machine learning approach for predicting the risk of type 2
diabetes in a Chinese population,” J. Med. Syst. 44(5) (2020) 1-9, doi: 10.1007/s10916-
020-01589-9.

S. Ghosh and S. Pal, “Prediction of diabetes using logistic regression model,” Int. J. Sci.
Res. Comput. Sci. Eng. 6(4) (2018) 12-15.

Y. Liu, M. Ksiazek and M. U. Akram, “A machine learning approach for predicting the
risk of type 2 diabetes in a Chinese population,” PLoS One 14(7) (2019) 0219495,
doi: 10.1371/journal.pone.0219495.

V. S. Mani, R. Venkatesan and V. Priya, “Prediction of diabetes using artificial neural
network,” Int. J. Adv. Res. Comput. Sci. Softw. Eng. 11(5) (2021) 441-447.

R. Karim, M. R. Islam, M. A. R. Ahad and S. M. S. Islam, “Decision tree-based prediction
of diabetic retinopathy utilizing demographic, anthropometric, and clinical data,”
J. Med. Syst. 42(4) (2018) 71, doi: 10.1007/s10916-018-0902-2.

Y. Zhang, Y. Yeo and M. Loh, “Development of a machine learning model for predicting
type 2 diabetes risk in the UK Biobank population,” Seci. Rep. 11(1) (2021) 1-11,
doi: 10.1038/s41598-021-83252-4.

J. Yan, L. Li, Y. Wang, J. Li and H. Liu, “A gradient boosting model for diabetes
prediction in a Chinese population,” PLoS One 16(3) (2021) 0248733, doi: 10.1371/
journal.pone.0248733.

K. Sujatha and R. Jayaraman, “A random forest approach for diabetes diagnosis using
clinical and biochemical features,” J. Ambient Intell. Humaniz. Comput. 12(6) (2021)
6175-6184, doi: 10.1007/s12652-020-03077-w.

S.S. Bhat, V. Selvam, G. A. Ansari, M. D. Ansari, Md H. Rahman, “Prevalence and early
prediction of diabetes using machine learning in North Kashmir: A case study of District
Bandipora,” Comput. Intell. Neurosci. 2022 (2022) 2789760, doi: 10.1155/2022/2789760.
H. Lu et al., “A patient network-based machine learning model for disease prediction: The
case of type 2 diabetes mellitus,” Appl. Intell. 52 (2022) 2411-2422, doi: 10.1007/s10489-
021-02533-w.

U. Ahmed et al., “Prediction of diabetes empowered with fused machine learning,” IEEE
Access 10 (2022) 8529-8538, doi: 10.1109/ACCESS.2022.3142097.

M. A. Hama-Saeed, Diabetes type 2 classification using machine learning algorithms with
up-sampling technique,” Journal of Electrical Systems and Inf Technol 10 (2023) 8,
doi: 10.1186/s43067-023-00074-5.

PIMA Indians Diabetes Dataset, Available at: https://www.kaggle.com/datasets/uciml/
pima-indians-diabetes-database?select=diabetes.csv, accessed on 26 May 2023.

2450006-13



	Machine Learning-Based Diabetes Risk Prediction Using Associated Behavioral Features
	1. Introduction
	2. Related Works on Diabetes Risk Prediction
	3. ML Models for Personalized Diabetic Risk Prediction
	4. Experiments and Evaluations
	5. Discussion
	6. Conclusion and Future Work
	Acknowledgement
	ORCID
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 900
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


