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ABSTRACT 

 

Diabetes is a chronic metabolic condition that causes increased blood glucose levels in millions of people 

worldwide. Early detection and quick action are critical for controlling this illness and preventing consequences. 

This work describes creating a user-friendly smartphone application for diabetes prediction using the Random 

Forest algorithm, a powerful machine-learning technique. The software uses user-provided information, such as 

age, body mass index (BMI), blood pressure, and glucose levels, to forecast the chance of acquiring diabetes. The 

Random Forest model was trained on a large dataset of medical records and achieved an astounding 88% accuracy 

on the test set. The app, created using Python and Figma, a cross-platform framework, has an intuitive and user-

friendly design that allows users to enter personal information and obtain immediate forecasts. The app is a useful 

screening tool, allowing people to estimate their risk of getting diabetes and receive necessary medical assistance 

as soon as possible. The successful implementation of this diabetes prediction software highlights machine 

learning algorithms' potential to improve preventive healthcare and promote early intervention for chronic 

diseases.  
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1. INTRODUCTION 

Diabetes mellitus, a chronic metabolic illness 

characterized by increased blood glucose levels, has 

become a global health issue, impacting millions of 

people around the world. Diabetes prevalence has 

risen gradually, posing enormous problems to 

healthcare systems and reducing the quality of life for 

people affected. Early detection and timely action are 

crucial for effectively controlling diabetes, preventing 

complications, and improving patient outcomes.  

Traditional diabetes diagnostic procedures 

frequently rely on clinical examinations and 

laboratory tests, which can be time-consuming and 

costly. Furthermore, these methods may fail to 

identify persons at risk of developing diabetes, 

limiting preventive actions and early interventions. In 

recent years, machine learning approaches have 

demonstrated amazing potential for addressing 

difficult healthcare concerns such as disease 

prediction and diagnosis.  

The goal of this project is to create a strong 

machine-learning model that can accurately 

categorize patients as diabetic or non-diabetic based 

on medical data and other health characteristics. The 

suggested methodology aims to facilitate early 

detection of diabetes by harnessing the power of 

advanced algorithms and massive datasets, ensuring 

timely medical intervention and treatment for those at 

risk or affected by the ailment.  

The creation of an accurate and dependable 

diabetes prediction model has important implications.  

For preventative healthcare and personalized 

medicine. Early detection of persons at risk can lead 

to lifestyle changes, dietary changes, and appropriate 

medical therapies, thereby delaying or even avoiding 

the onset of diabetes. Furthermore, quick 

identification and treatment for people currently 

suffering from diabetes can dramatically enhance 

their life of life and reduce the risk of severe 

complications, such as cardiovascular disease, 

nephropathy, and retinopathy. Furthermore, timely 

diagnosis and treatment for those already affected by 

diabetes can significantly improve their quality of life 

and reduce the risk of severe complications, such as 

cardiovascular disease, nephropathy, and retinopathy.  

This article provides a full explanation of the 

study approach, covering data preparation, feature 

selection, model construction, and performance 

evaluation. The work uses the Random Forest, a 

sophisticated machine learning method known for its 

durability and ability to handle complicated, non-

linear correlations in data. By combining important 

medical data and health aspects, the proposed model 

seeks to provide reliable predictions, allowing 

healthcare professionals and individuals to make 

informed decisions about diabetes prevention and 

control.  

 

2. LITERATURE REVIEW 

Diabetes is becoming more common all over the 

world, making it critical to investigate novel diabetes 

care strategies. Mobile health (mHealth) applications, 

or apps, have emerged as a promising tool for helping 

diabetics monitor their condition, stick to treatment 

regimens, and adopt healthier lifestyle practices. The 

purpose of this literature review is to look at the 

present landscape of diabetic applications, their 

features, and how they may affect diabetes self-

management.  

Numerous research has looked into the efficacy 

of diabetes apps in improving various elements of 

diabetes management. [1] conducted a comprehensive 
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analysis of 25 research on mobile apps for diabetes 

self-management and discovered that these apps 

significantly improved glycemic control, as indicated 

by lower HbA1c values. A meta-analysis [2] found 

that app-based therapies resulted in a substantial drop 

in HbA1c levels when compared to control groups.  

Diabetes applications often provide a variety of 

functions to aid with self-management. Blood glucose 

monitoring, insulin dose calculators, meal and activity 

tracking, and teaching tools are all common elements 

[3]. Some apps use gamification aspects, such as 

prizes or challenges, to increase user engagement and 

adherence [4]. Furthermore, several apps allow for 

data sharing with healthcare practitioners, making 

remote monitoring and personalized feedback 

possible [5].  

While diabetic applications have the potential to 

provide several benefits, there are some obstacles and 

restrictions. User adherence and retention remain key 

issues, with many people abandoning apps over time 

[6]. Diabetes apps frequently manage sensitive 

personal health information, prompting worries about 

privacy and data security [7]. Furthermore, the quality 

and accuracy of the information offered by diabetic 

apps might differ, emphasizing the importance of 

regulatory monitoring and evidence-based material 

[8].  

Diabetes applications have shown promise in 

improving glucose control and promoting self-

management behaviors among diabetics. However, 

further research is needed to address concerns about 

long-term adherence, data privacy, and content 

quality. Additionally, the integration of diabetes apps 

into clinical care pathways and the development of 

guidelines for their use could enhance their 

effectiveness and adoption. 

 

3. METHODOLOGY 

The method used in this research is proposed in 

the form of a flowchart in Figure 1, which starts with 

data collection, data pre-processing, split data, 

modeling, and evaluation. 

 
Figure 1: Workflow of diabetes analysis and 

prediction 

 
3.1 Dataset Description 

The dataset utilized in this study comprises 

information on patients with and without diabetes. It 

consists of 768 rows, each representing a patient 

record. The dataset includes the following columns for 

essential health parameters:  

 Pregnancies: Number of times pregnant.  

 Glucose Levels: Plasma glucose concentration 

after 2 hours in an oral glucose tolerance test.  

 Blood Pressure: Diastolic blood pressure (mm 

Hg).  

 Skin Thickness: Triceps skinfold thickness 

(mm).  

 Insulin Levels: 2-hour serum insulin (mu U/ml).  

 BMI (Body Mass Index): Weight in kg/ (height 

in m) ^2.  

 Diabetes Pedigree Function: A function that 

scores the likelihood of diabetes based on family 

history.  

 Age: Age of the patient in years.  

 Outcome: Class variable (0 if non-diabetic, one 

if diabetic).  

 

3.2  Data Preprocessing 

 Data preprocessing involved several critical 

steps to ensure the dataset's quality and suitability for 

model training:  

 Exploratory Data Analysis (EDA): EDA was 

performed to understand the distribution, 

relationships, and patterns within the dataset.  

 Handling Missing Values: Missing values were 

identified and addressed using imputation 

techniques or by removing rows with missing 

data.  

 Scaling Numerical Characteristics: Numerical 

features were scaled to a standard range to 

ensure they contribute equally to the model 

training.  

 Encoding Categorical Variables: Since the 

dataset primarily contained numerical data, no 

encoding of categorical variables was necessary.  

These preprocessing steps were crucial in preparing 

the dataset for model training and ensuring the quality 

of input data for the Random Forest algorithm.  

 

3.3  Data Split 

The patient data that was processed in the 

previous step is now divided into three sets:  

Training data, validation data, and testing data. This is 

known as dataset division. The training data provided 

here is utilized to train the Random Forest model. 

Validation data is used to determine the model's 

performance during training. Testing data is used to 

determine the model's performance following 

training. The data is divided into three categories: 

60% for training, 25% for validation, and 20% for 

testing.  

 

3.4   Modelling (Random Forest) 

The Random Forest method is proposed to 

improve the accuracy of early diabetes prediction. 

This algorithm is a machine learning classifier that 
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operates by creating a decision tree. These techniques 

can also be applied to regression and classification. 

Leo Breiman established the Supervised Learning 

group, which includes Random Forest. This 

classification approach is highly accurate and can 

handle large amounts of variable inputs without 

overfitting. It also helps remove correlations between 

decision trees, similar to characteristic ensemble 

methods. Random forests can be employed in 

biomedical research, particularly for the identification 

of diabetes. In addition, Random Forest has a lower 

error rate on diabetes data than its other classification 

algorithms and has good performance in diabetes 

classification. 

 

4. RESULTS AND DISCUSSION 

The image shows a tabular data set containing 

various medical measurements and features related to 

pregnancies and diabetes. The columns include the 

number of pregnancies, glucose level, blood pressure, 

skin thickness, insulin level, body mass index (BMI), 

a diabetes pedigree function value, age, and a binary 

outcome (0 or 1). Each row represents a different 

individual's data.  

 

 
Table 1: Diabetes Dataset 

 
This data could be useful for analyzing factors 

related to diabetes or building predictive models for 

diabetes risk.  

 
Table 2: Filtered Data Frame with Glucose Level ≤ 

0.0 

 
The image displays a subset of the diabetes 

dataset, specifically showing the rows where the 

glucose level is less than or equal to 0.0. Each row 

represents an individual case, with columns 

containing information such as the number of 

pregnancies, blood pressure, skin thickness, insulin 

level, BMI, diabetes pedigree function value, age, and 

a binary outcome (0 or 1) indicating the presence or 

absence of diabetes. This filtered view allows for 

analyzing the data specifically for individuals with 

very low or potentially abnormal glucose levels, 

which could be useful for studying the relationship 

between glucose levels and other factors related to 

diabetes.  

 

 
Figure 2: Descriptive Statistics of the Diabetes 

Dataset 

 
The image shows the output of some data 

analysis performed on a diabetes dataset. It first prints 

the data types of each column in the dataset, which 

includes a mix of integer (int64) and floating-point 

(float64) data types. 

Next, it checks for the count of missing values in 

each column and displays the result, which shows no 

missing values in any of the columns. 

Finally, it prints the number of rows and columns 

in the dataset, indicating that there are 768 rows and 

nine columns. This analysis provides an overview of 

the dataset's structure, data types, and completeness in 

terms of missing values, which is useful information 

for further data exploration and analysis. 

 

 
Figure 3: Descriptive Statistics 

  
The image shows the output of the describe () 

method applied to the diabetes dataset. This method 

provides descriptive statistics for each column in the 

dataset, including count, mean, standard deviation, 

minimum, maximum, and various percentile values 

(25th, 50th, and 75th).  

The statistics reveal insights into the distribution 

and characteristics of each feature. For example, the 

mean glucose level is around 120, with a standard 
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deviation of 31 and values ranging from 0 to 199. The 

BMI column has a mean of around 31, with a 

minimum of 0 and a maximum of 67.1.  

These descriptive statistics give an overview of 

the central tendency, spread, and range of values for 

each variable in the dataset, which can help in 

understanding the data and identifying potential 

outliers or unusual patterns. 

 

 
Table 3: Python Code for Data Standardization 

 
          The process of standardizing data using the 

StandardScaler from scikit-learn. It first initializes a 

StandardScaler object, then fits it to the training data 

(x_train), and transforms both the training and test 

data (x_test) using the fitted scaler. The resulting 

shapes of the standardized training and test data are 

printed, revealing that the original number of samples 

and features remain unchanged. This standardization 

technique is crucial for ensuring that all features have 

similar scales, preventing certain features from 

dominating the learning process and improving the 

performance of machine learning models.  

         This study employed two powerful tree-based 

ensemble machine learning models, Random Forest, 

and XGBoost, to build predictive models for diabetes. 

These algorithms were chosen because of their ability 

to capture complex, non-linear relationships between 

features and the target variable, as well as their 

robustness and effectiveness in handling high-

dimensional data and feature interactions. Random 

Forest builds multiple decision trees on random 

subsets of the data and aggregates their predictions, 

reducing overfitting and improving generalization 

performance. 

          XGBoost iteratively constructs and combines 

weak decision tree models using a boosting 

framework 

and gradient descent optimization, enabling it to 

handle high dimensional data and interactions between 

predictors effectively.                  

Both Random Forest and XGBoost are known 

for their predictive accuracy, ability to automatically 

handle missing data and outliers, and interpretability 

through feature importance measures. These 

characteristics made them suitable choices for 

predicting diabetes based on the available clinical and 

demographic features in the dataset. 

 

 
Figure 4: Python Code for Cross-Validation Recall 

 

 
Figure 5: Python Code for XGBoost Cross-Validation 

 

 
Figure 6: SVM Model with Recall Scoring Using 

Cross-Validation 

 
 SVM Model: It utilizes a Support Vector 

Machine (SVM) for classification, likely using 

the SVC class from scikit-learn.  

 Recall Scoring: During cross-validation, the 

model's performance is measured using recall, 

which focuses on identifying true positives 

(correctly classified positive cases).  

 Cross-Validation: The code employs cross-

validation to assess the model's generalizability 

by splitting the data into folds, training on some 

folds, and testing on the remaining ones. This 

process is repeated for all folds, providing a 

more robust evaluation compared to a single 

train-test split.  
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Figure 7: Train and Evaluate Model Function 

 
This Python function, named 

`train_evaluate_model,` trains a machine learning 

model and assesses its performance. It takes the 

model, training data, labels, and testing data as input. 

It then trains the model, makes predictions on the test 

data, and evaluates the model's performance using 

various metrics like classification reports and AUC-

ROC scores. It might also display the confusion matrix 

for a more detailed analysis.  

 

 
Figure 8: Comparison of Machine Learning Model 

Performances using Confusion Matrices and 

Classification Metrics 

 
It shows four confusion matrices that evaluate 

the performance of a machine learning model in 

classifying patients as needing or not needing 

intubation. Each confusion matrix represents the 

model’s performance at a different confidence level.  

The confusion matrix is a table that compares the 

actual outcomes (true labels) to the model’s 

predictions. 

 

4.1. Deployment of the Diabetes Prediction App  
The deployment part for this project uses a 

Gradio app hosted on Hugging Face Spaces.  

Here's a breakdown of what this means:  

 Gradio app: Gradio is a library that simplifies the 

creation of web interfaces for machine learning 

models. This allows users to interact with the 

model through a web browser without needing 

to write any code.  

 Hugging Face Spaces: Hugging Face Spaces 

provides a platform to share and deploy machine 

learning models. By deploying the Gradio app 

on Hugging Face Spaces, the model becomes 

accessible to a wider audience and can be easily 

integrated into other applications.  

In essence, deploying the model on Hugging Face 

Spaces with a Gradio app makes the model user-

friendly and readily available for others to experiment 

with and potentially integrate into their workflows.  
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Figure 9: Python Code for Confusion Matrix 

Visualization 

 

 
Figure 10: Python function for Diabetes Prediction 

with Gradio 

 

This code snippet defines a Gradio interface 

named predict_diabetes. It likely takes user input for 

features like blood sugar, blood pressure, BMI, and 

age. The function then uses a trained machine learning 

model to predict whether the user has diabetes based 

on the provided information.  This Gradio interface 

allows users to easily interact with the model and get a 

preliminary assessment of their diabetes risk.  

 

4.2. Result 

 
Figure 11: Final Deployment 

 
This model app is designed to make predictions 

based on the data we have prepared.  

We consider various health data fields, such as 

number of pregnancies, blood glucose level, blood 

pressure, skin thickness, insulin level, body mass 

index (BMI), diabetes pedigree function, and age. The 

app allows users to enter data in these columns and get 

predictions based on the information provided. We 

hope that this app can help in better understanding 

one’s health risks and predictions.  

 

5. CONCLUSION 

Empowering informed decisions about your 

health. This diabetes prediction app has equipped you 

with an informative tool to assess your potential risk 

for diabetes. By analyzing various factors like blood 

sugar, blood pressure, BMI, and age, the app provides 

a preliminary indication of your risk level. Remember: 

This app is intended for informational purposes only 

and should not be used for medical diagnosis.  If you 

have any concerns about your health, always consult 

with a qualified healthcare professional. Early 

detection and intervention are crucial in managing 

diabetes. This app can be a valuable starting point for 

proactive discussions with your doctor.  

We encourage you to maintain a healthy lifestyle 

through a balanced diet, regular exercise, and stress 

management. These can significantly reduce your risk 

of developing diabetes.  

Additional Considerations: You can mention the 

accuracy of the model used in the app but emphasize 
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that it's not a definitive diagnosis tool. Briefly 

highlight the limitations of the app, such as not 

accounting for family history or genetic 

factors.Encourage users to share the app with others 

who might benefit from it.  
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