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Abstract: A significant example of using machine learning is diabetes risk assessment using routinely 

collected health indicators. The current screening methods may be ineffective due to class imbalance, 

complex interactions between risk factors, and limited availability. Explainability of predictive models. 

This study brings forward an explainable binary diabetes–risk assessment pipeline based on the 2015 

Diabetes Health Indicators data are from the CDC Behavioral Risk Factor Surveillance System 

(BRFSS). The original this dataset consists of 22 columns (21 predictors plus the target column) and 

253,680 records. Diabetes_binary. The workflow that was implemented considers female participants 

aged between 6-12 (Age codes 6-12). Approximately 45-79 years of the standard BRFSS age coding, 

eliminating duplicate records and assessing Logistic The models used are Regression, Random Forest, 

XGBoost, CatBoost, and a model with class weighted Balanced CatBoost. After duplicate If it is 

removed, the study cohort consists of 91981 observations,76643 are negative and 15338 are positive 

observations. Because the CatBoost is trained weights[1, 5] on the classes and the positive class is 

significantly smaller. Then threshold analysis of the range of 0.30 to 0.60 was performed to check the 

precision-recall trade-off. The resulting threshold value is 0.60, and Balanced is the classification for 

this classification. CatBoost obtains 77.66% accuracy, 39.75% precision, 65.87% recall, 49.58% F1-

score, and 81.55% ROC-AUC. SHAP to interpret the final model, an analysis is performed on it, which 

involves the factors of General Health, BMI, High Blood Pressure, High Cholesterol, Age is one of the 

most important characteristics. A multilingual presentation layer is created offering English, Marathi 

and Hindi. Prediction messages without any change in the model. The study exemplifies an actual 

marriage of the practical and the possible. Imbalance aware boosting, threshold selection, 

explainability, and multilingual accessibility for research oriented diabetes risk assessment. Formal 

demographic fairness metrics, external validation, calibration analysis, and clinical no validation was 

undertaken and this is an important direction of future work..  

 

Key Words: Diabetes risk assessment, CatBoost, class imbalance, threshold optimization, SHAP, 
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1. INTRODUCTION 

Diabetes is an important chronic illness and identifying individuals with a high risk of developing diabetes could allow 

for early preventive measures to be taken. With the increasing availability of health-related data, the relationships 
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between these data are often complex and nonlinear, making it an increasingly attractive target for diabetes risk 

assessment with machine learning (ML). 

A major issue with the diabetes classification is the lack of balance in the number of diabetes instances and negative 

instances. The diabetes class has very few instances compared to the number of negative classes, which is a major 

problem in the diabetes classification. Therefore, accuracy may not be an appropriate assessment of model performance 

in picking up positive cases. Under these situations, other metrics such as precision, recall, f1 score, or roc-auc are 

important to consider for evaluating the model performance. Another aspect to take into account is the interpretability 

of the model. In particular, AI tools that can explain their predictions, such as SHApley Additive exPlanations(SHAP), 

can be very helpful when trying to be more precise of what information each component is contributing to a prediction, 

or when trying to make the process of risk assessment done by a machine-learning system more transparent. 

This study suggests a combined pipeline using BRFSS 2015 data, model comparison, Balanced CatBoost model, 

threshold optimization, explanation using SHAP and presenting results in various languages (English, Marathi and 

Hindi). The present study only considers the female population for Age codes 6–12 (45–79 years). The contribution is a 

holistic and understandable prediction workflow, not a new machine-learning algorithm. Diabetes_binary is a binary 

classification of diabetes-related health status, and doesn't differentiate between Type 1 and Type 2. However, the 

proposed system is not meant for diagnosis in clinical settings, but for research purposes for risk assessment. 

  

II. LITERATURE REVIEW 

The diabetes prediction research has evolved from simple classifiers to ensemble learning, interpretable models. 

Personalized risk estimation, and fairness-aware evaluation. Elated et al. studied Extreme Learning Machine. Learning 

to predict diabetes at early stages based on questionnaire data[1] and Zhang and Wang studied cascade and ensemble 

Learning. Other studies have assessed learning for gestational diabetes with results of 80.3% accuracy, 79.3% recall[2]. 

The authors of the “Boosting” paper are Ganie et al.algorithms and reported the best accuracy of the evaluated 

algorithms[3]. Geo Jenefer and Deepa submitted their Proposed Firefly optimization based CatBoost Classifier on the 

Pima dataset which showed the growing trend. The application of CatBoost in the prediction of diabetes[4]. The current 

study is especially relevant to BRFSS-based research as it offers a big population-health dataset. Pias et al.focused on 

the resampling design for diabetes prediction for use of BRFSS 2015 and later years, focusing on sensitivity, balanced 

accuracy and subgroup[5]. In this study, Ahmed et al. have compared LIME and SHAP explanations on a large diabetes 

dataset of 253,680 responses and showed the role of interpretability in the medical prediction[6]. A self-explainable 

interface study was conducted that combined SHAP local explanations and machine learning prediction in a separate 

study to improve transparency[7]. Advanced boosting and XAI were used in combination in more recent work. Rafie et 

al.compared two different algorithms for Type 2: XGBoost and CatBoost. In 3,203 adults from the Dena Cohort, 

diabetes risk prediction was performed using SHAP for global and case-specific interpretation[8]. Hu et al. have 

proposed an interpretable CatBoost model for diabetic foot risk evaluation and obtained good performance. Internal and 

external performance, demonstrating the usefulness of CatBoost plus SHAP in a related diabetes-care task[9]. 

Mehrnoush et al. tested seven models for GD and determined that CatBoost and XGBoost models were among the best 

models. Predictive power was moderate, but stronger approaches were found[10]. Rossi et al. suggest the hybrid 

approach of D.R.E.A.M., which is a mix of the two. For instance, the probabilities of risk have been used for Type 2 

diabetes risk estimation[11]. As well as the optimization of thresholds and SHAP. The fairness and generalizability of 

healthcare ML is becoming more of an accepted dimension. Pessach and Shmueli presented a literature review of 

definitions of fairness and mitigation strategies for fairness pre-processing, in-processing, and post processing[12]. 

Raza et al. discussed the bias and quantitative fairness metrics for equity-oriented public health ML[13]. Chakradeo et 

al. had discussed the participatory view on fairness assessment of clinical prediction models[14]. 

Pall et al. recently conducted a large-scale external validation and fairness assessment of Type 2 diabetes risk 

prediction with XGBoost demonstrates that internal performance can be different from external performance and that 

performance and that performance and that performance can vary significantly across age groups[15]. These studies 
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highlight the significance of fairness and external validation and this is not a formal fairness metric calculation in itself 

in the present implementation. The diabetes prediction literature matrix for this project has 25 entries between 2022-

2026 and the topic is diabetes prediction. CatBoost, SHAP/XAI, fairness, personalization, calibration and external 

validation. Based on the evidence review, the following is listed as evidence that: CatBoost, imbalance handling and 

threshold selection, SHAP are independent techniques. The practical and unique contribution of this work is that these 

components have been brought together in a well-defined female population from BRFSS 2015. Add English, Marathi 

and Hindi accessibility. This is not to be seen as a contribution to the application, but an application-level contribution. 

The newness of the algorithms. 

 

III. RESEARCH GAP 

The literature shows that there are three recurring gaps that concern the implemented workflow. The literature reveals 

three common gaps that concern the workflow that has been implemented. First, many studies have shown that without 

equal treatment for positive-class recall in case of severe imbalance. Second, explainability is often Independent from 

threshold decision and imbalance treatment. Thirdly, multilingual accessibility is less. Often put forward as part of the 

end-user facing prediction process. The present study tackles these practical issues: gaps between one repeatable 

pipeline. 

 

IV. OBJECTIVE 

 To produce a female older-adult cohort from the Diabetes Health Indicators data for the BRFSS 2015.. 

 To clean the data and create a stratified training and testing set. 

 To compare Logistic Regression, Random Forest, XGBoost,Standard CatBoost and Balanced CatBoost. 

 To create a class weighted Balanced CatBoost model for better recall of positive classes. 

 To test the various decision thresholds from 0.30 to 0.60. 

 To choose the ultimate decision threshold according to the maximum F1-score obtained from the threshold 

tested. . 

 To describe model prediction with SHAP and determine important risk factors. 

 To make prediction messages accessible to people by providing them in English, Marathi and Hindi. 

 

V. METHODOLOGY 

5.1 Dataset 

The data used in the study comes from the diabetes_binary_health_indicators_BRFSS2015. csv dataset, which is a 

commonly used cleaned version of the data. Diabetes health indicators from 2015 BRFSS. The full file has 22 columns 

and 253,680 observations, with a single binary column and 21 predictor variables[26]. The predictors include health 

conditions, lifestyle indicators, healthcare access, general, and environmental factors. Welfare, mental health and 

physical health, mobility, sex, age, education and income. The data file, Diabetes_binary, is a binary file containing a 

diagnosis of either Diabetes or NoDiabetes. Used the classification outcome as the dependent variable. 

 

5.2 Population Selection and Data Cleaning 

The dataset was filtered using Sex == 0 and age code 6-12, which correspond approximately to ages 45-79 under 

standard BRFSS coding. This produced 101,793 records, with 86,389 negative cases and 15,404 positive cases. No 

missing values were found. After removing 9,812 duplicate rows, the final dataset contained 91,981 records, including 

76,643 negative cases and 15,338 positive cases. Since the positive class remained smaller, class weighting was used in 

Balanced CatBoost to help address the class imbalance. No synthetic oversampling or feature scaling was applied in the 

final CatBoost pipeline. 
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5.3 Train–Test Split 

Data is split into training (80%) and testing (20%) subsets with a stratified split and random_state=42. Both subsets 

contain approximately the same ratio of target classes as in the original data set,provided that stratification is used to 

maintain these ratios. The resulting training set will have 21 predictor variables, and 73,584 observations in the dataset, 

and 18,397 observations in the test set. The test set uses Model comparison, threshold analysis and model interpretation 

using SHAP. 

 

5.4 Machine Learning Models 

Five machine-learning models were compared in this study. The base model was Logistic Regression and the model 

with Random Forest was set up with 300 trees with class weights from balanced classes. The parameters used in 

XGBoost were 300 estimators, max depth = 6, and learning rate = 0.05. The parameters used for the Standard CatBoost 

were 500 iterations, depth of 6, learning rate of 0.05. Balanced CatBoost was the same as Standard CatBoost,but with 

class weights of [1,5] to emphasize the positive class. Balanced CatBoost was chosen due to its ability to enhance the 

positive-class recall, as this component of the model is able to detect more instances of the positive class, while the 

accuracy rate of the model itself was slightly lower. 

 

5.5 Evaluation Metrics 

Accuracy is the proportion of all the test observations that are classified correctly. The fraction is measured by 

precision. Made predictions that were correct and the observation was positive Recall is the ratio of the number of 

correct responses to the total number of positive ones. The model is able to detect the material. The harmonic mean of 

precision and recall is F1-score. ROC-AUC is a summary of the ranking properly handling ability of predicted 

probabilities over decision thresholds. The study concentrates on the imbalance nature of the data set since it is so 

striking. Recall, F1-score and ROC-AUC in addition to accuracy. 

 

5.6 Threshold Optimization 

The CatBoost probability output does not come with a default classification threshold of 0.50. The notebook evaluates 

threshold of 0.30, 0.35, 0.45, 0.55 and 0.60. For each threshold, the positive class is assigned if the probability 

predicted is at or above a threshold. For the values that were considered, 0.60 yield a maximum F1-score of 49.58% 

and it is thus used for final classification. This is an empirical operating-point selection on the PICE, the laptop PC, or 

the notebook PC. This is a hold-out test set that is available and should not be used as a clinically validated threshold. 

 

5.7 Explainability with SHAP 

The final Balanced CatBoost model was used to make predictions, which were then explained using SHAP with 

TreeExplainer. The most important components were General Heath, BMI, High Blood Pressure, High Cholesterol and 

Age. Some other factors were also important: income, alcohol consumption, difficulty walking, cholesterol check, and 

heart disease. The model's probability of prediction and class 0 for one test observation were 41.17% and 0, 

respectively, at a threshold of 0.60. SHAP is used to explain predictions made by the model, but it does not imply 

causation or make a clinical diagnosis. 

 

5.8 Multilingual Accessibility 

The final notebook contains a function named multilingual_result that has English, Marathi, and Hindi result messages. 

The underlying only part that's translated is the presentation layer, Probability and classification remain the same. The 

interface communicates the predicted class, diabetes-related risk probability, a short interpretation and a safety note 

stating that the output is not clinical, but machine learning prediction. This component is therefore an accessibility 

contribution as opposed to tweaking the prediction algorithm itself. 
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VI. EXPERIMENTAL RESULTS 

6.1 Model Comparison 

 
Typical models have an accuracy score greater than 83% and a recall score less than 20% for the positive class. This 

disparity illustrates the need for accuracy beyond that the maximum ROC-AUC values of the standard-model are 

achieved by XCBoost (81.15%) and CatBoost (81.15%). However, The Balanced CatBoost model boosts the recall to 

77.54% at threshold 0.50, showing class weighting's impact on the positive class. 

 
 

6.2 ROC Curve Analysis 

Comparing the result with ROC indicates that the overall performance of standard CatBoost and Balanced CatBoost are 

very similar. The discrimination performance of the two classifiers was 0.8156 and 0.8155 respectively. The significant 

difference here is not one of performance ranks but one of classification behavior resulting from class weighting and 

threshold selection. This helps to validate the use of a probability-based evaluation rather than the single accuracy value 

being the complete model evaluation. 

 
 

6.3 Threshold Analysis 

Threshold Accuracy Precision Recall F1-score 

0.30 56.33% 26.57% 91.79% 41.21% 

0.35 60.60% 28.30% 88.85% 42.93% 
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0.40 

0.45 

0.50 

0.55 

0.60 

Having higher thresholds is more precise and more accurate, but more likely to miss the true case, higher thresholds 

have a higher sensitivity, but are more likely to yield false positives. The F1

tested range (49.58%). It also achieves the highest precision(39.75%) among the thresholds evaluated but with a recall 

of 65.87%. The decision is therefore a recorded operating point, rather than a universal medical threshold, determined 

by the study's F1 criteria. 

6.4 Final Model and Confusion Matrix 

The end result is a balanced CatBoost model with a decision threshold of 0.60. The final test

accuracy, 39.75% precision,65.87% recall, 49.58% F1

3063], [1047, 2021]]. So 12,266 negative observations have been correctly classified, 3,063 negative observations are 

classified as positive, 1,047 positive observations are missed and 2,021 positive observations are correctly detected.

 

6.5 Explainable AI Results 

The SHAP results offer an explanation at the model level as to which variables are the most important for the 

prediction. The General Health is most prominent, followed by BMI, HighBP, HighChol and Age. The results are 

consistent with the diabetes prediction literature in that health status, adiposity, blood pressure, cholesterol and age are 

among the characteristics that generally contribute to the prediction. However, SHAP is not definitive proof that a 
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64.49% 30.13% 85.66% 44.59% 

68.22% 32.25% 82.30% 46.34% 

71.59% 34.40% 77.54% 47.66% 

74.66% 36.73% 71.90% 48.62% 

77.66% 39.75% 65.87% 49.58% 

Having higher thresholds is more precise and more accurate, but more likely to miss the true case, higher thresholds 

have a higher sensitivity, but are more likely to yield false positives. The F1-score is maximum at threshold 0.60 in the 

58%). It also achieves the highest precision(39.75%) among the thresholds evaluated but with a recall 

of 65.87%. The decision is therefore a recorded operating point, rather than a universal medical threshold, determined 
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feature, on its own, leads to diabetes, it is merely a description of the behaviour of the trained model. 

HeartDiseaseorAttack is also considered influential, so its presence should also be taken as a predictive association 

between the dataset. It could represent shared risk factors or health burden. The analysis doesn't provide causal 

pathways nor take the place of clinical interpretation. 

 

VII. LIMITATIONS 

 Cross sectional survey-derived data, may not be generalizable. 

 Limited applicability to other age and gender groups, as the study does not involve other participants. 

 The binary target does not differentiate between Type 1 and Type 2 diabetes. 

 Instead of a separate validation set, the decision threshold of 0.60 was chosen based on the hold-out test 

results. 

 External validation of the model was not performed. 

 Probability calibration was not performed. 

 There was no formal demographic fairness evaluation. 

 A formal user study of the multilingual interface was not carried out. 

 The proposed model should not be regarded as clinical as a diagnostic system, without further validation and 

appropriate governance, but as a research-based risk assessment system. 

 

VIII. FUTURE WORK 

The proposed system can be improved through future studies in the following ways: Model performance on different 

age and gender groups can be used to assess fairness. The model can also be evaluated using the independent data sets 

to assess its performance in other populations. Further, by using a separate validation set, the probability calibration and 

threshold can be optimized to increase the reliability of predictions. Moreover, counterfactual explanations might better 

equip users with understanding of options to mitigate risk. The multilingual interface should be tested with Marathi and 

Hindi speaking users to assess its clarity and usability. Lastly, data sets with specific diabetes types could be utilized to 

make a model that separates Type 1 diabetes from Type 2 diabetes. 

 

IX. CONCLUSION 

This work proposed a machine learning system that helps in performing diabetes risk assessment in a female 

population, extracted from the BRFSS 2015 database.Five models were tested and it was determined that Balanced 

CatBoost was the best model to make the Five models were tested and it was determined that identification of positive 

cases better. At a threshold of 0.60, the model achieved 77.66% accuracy, 39.75% precision, 65.87% recall, an F1-

score of 49.58%, and a ROC-AUC of 81.55%. The messages supported SHAP in making the results more accessible 

and understandable in English, /marathi and Hindi. Most importantly, the class balancing, threshold selection, 

explainability and multilingual presentation are integrated in a single workflow. However, the system needs to be 

further assessed for fairness, validated with external patients and assessed clinically before it can be adopted for 

healthcare use in the real world. 
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