Technical changes
#AI Applications
Please edit your manuscript and/or supplemental files to include the following:
· Reproducibility
· README file
NOTE: The README file should introduce and explain your code, as well as provide steps for implementation.
Response: The Reproducibility statement is attached in the manuscript in conclusion part and highlighted in green color. It is mentioned as “The proposed model will consistently produce the improved outcome over diverse datasets to be implemented in a clinical practice, ensuring its reproducibility.”
Moreover, the code explanation and steps for implementation is attached below.
CODE EXPLANATION AND STEPS FOR IMPLEMENTATION:
1. Initially the required libraries are imported and the dataset is read as .csv file
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2. Next, the pre-processing steps like missing data imputation, irrelevant feature removal steps are applied and the new dataset is built
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3. In the next step, the data visualization is done to explore the dataset and potentially generate hypotheses about the relationships between BMI, physical health, and diabetes.
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This indicates the distribution of cholesterol level among different age groups and among male and female. The higher bars for older age groups indicate that high cholesterol is more prevalent among older individuals. The male bars consistently higher across age groups indicate that males have a higher incidence of high cholesterol compared to females in this dataset. This may help to inform decisions, develop hypotheses for further analysis, or guide interventions aimed at reducing high cholesterol in specific demographic groups
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The violin plot shows the distribution of mental health scores for individuals with and without a history of stroke. The width of the violin at different y-values indicates the density of data points at that score level. By comparing the shapes and spread of the violins for the two categories (Stroke vs. No Stroke), the differences in mental health scores between the groups can be noted. This plot helps to identify whether there's a noticeable difference in mental health scores between individuals who have had a stroke and those who haven't.

4. In the next step, the correlation matrix is calculated to identify which variables have strong correlations, which might be useful for further analysis or feature selection. The highly correlated variables can be used for feature engineering or removing one of them to reduce redundancy.
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5. Then, Moving Average smoothing is done to smooth out short-term fluctuations and highlight longer-term trends in data. It calculates the average of a set number of consecutive data points (the window size). In this case, the window size is 3, meaning each value in the smoothed DataFrame is the average of itself and the two preceding values.
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6. The dataset is divided into training and testing sets (70% training, 30% testing) ensuring the even distribution of data for both training and testing sets.

7. Hybridizing CNN and GRU model is the next step. 

8. In CNN model, Conv1D Layer extracts features from sequences, MaxPooling1D Layer reduces dimensionality, flatten Layer converts 2D data to 1D for dense layers, Dense Layer is a final layer with 64 units for feature learning. Moreover, in GRU model, GRU Layer captures sequential patterns, Dense Layer has 64 units for additional feature learning. Altogether, this Unified Model combines CNN Features includes convolutional layers and pooling layer; Additional Dense Layers for further feature processing before the final output; Output Layer uses a sigmoid activation function for binary classification. For compilation, the Adam Optimizer with a learning rate of 0.001. Binary cross-entropy Loss Function is chosen for binary classification. 

9. Now the model is trained 
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10. The training and validation accuracy and loss graph is plotted
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Training Loss shows how the model's loss decreased over epochs during training. Validation Loss indicates how well the model generalizes to unseen data. A decrease in both training and validation loss suggests good model performance and learning. Training Accuracy shows the accuracy of the model on the training data. Validation Accuracy shows the accuracy on the validation set, reflecting the model's ability to generalize. An increasing trend in both training and validation accuracy indicates that the model is learning effectively.

11. Now the confusion matrix is plotted for binary classification of diabetes. The confusion matrix for diabetes classification reveals impressive performance. With 8202 true negatives (instances correctly identified as not having diabetes) and 9207 true positives (instances correctly identified as having diabetes), the model accurately identifies both non-diabetic and diabetic cases. Remarkably, it generates almost no false positives (instances incorrectly labeled as having diabetes as no diabetes), the single false negative indicates a minor misclassification (instances incorrectly identified as not having diabetes as diabetes). 
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12. Next, the ROC Curve is plotted. The AUC score provides a single number summary of the model's overall performance. The higher AUC indicates the better the model is at distinguishing between the positive and negative classes.

13. Now the model is saved and the data that are identified as diabetes is taken separately for severity level classification.
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14. Now clustering anlaysis is done to group the data into 3 classes as low, Moderate and high. KMeans is used to assign data points to clusters, which are then mapped to severity levels.
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15. The clustering algorithm groups the data into 3 classes as shown below
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16. In the next step, the confusion matrix is built for severity level classification
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This matrix represents the performance of an algorithm across three categories: Low, Moderate, and High. Low: Correctly predicted 2086 instances, Moderate: Accurate predictions for 2199 cases, and High: Successfully identified 1846 instances. Notably, the model rarely misclassifies, with only a few errors between adjacent categories. Overall, it demonstrates strong performance.

17. The final classification report is then displayed. It indicates the model’s optimal performance in terms of parameters like, accuracy, precision, recall and f1-score.
[image: ]
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dropping irrelavant features

# Drop specified columns

columns_to_drop = ['Fruits', 'Veggies', 'HvyAlcoholConsump', 'NoDocbcCost', 'Dif
fWalk’, 'Education', 'Income']

i = df.drop(columns=columns_to_drop)

# Verify the columns have been dropped
print(df.head()) # Check the first few rows of the DataFrame

Diabetes_binary HighBP HighChol CholCheck BMI Smoker Stroke \

° 0.0 1.0 0.0 1.6 26.0 0.0 0.0
1 0.0 1.0 1.0 1.6 26.0 1.0 1.0
2 0.0 0.0 0.0 1.6 26.0 0.0 0.0
3 0.0 1.0 1.0 1.6 28.0 1.0 0.0
4 0.0 0.0 0.0 1.6 29.0 1.0 0.0
HeartDiseaseorAttack PhysActivity AnyHealthcare GenHlth MentHlth \
° 0.0 1.0 1.0 3.0 5.0
1 0.0 0.0 1.0 3.0 0.0
2 0.0 1.0 1.0 1.0 0.0
3 0.0 1.0 1.0 3.0 0.0
4 0.0 1.0 1.0 2.0 0.0

PhysHlth Sex Age
30.0 1.0 4.0
0.0 1.0 12.0
10.0 1.0 13.0
3.0 1.0 11.0
0.0 0.0 8.0

PunRe
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out[ 1:

Diabetes binary ~ HighBP HighChol CholCheck BMI  Smoker  Stroke HeartDiseaseorAttack PhysActivity AnyHealthcare
Diabetes_binary 1000000 0336343 0254486 0134447 0264431 0056836 0.121712 0201365 -0.130980 0037652
HighBP 0336343 1000000 0278194 0117704 0212584 0061398 0130743 0205737 0114110 0047388

HighChol 0254486 0278194 1000000 0096834 0104739 0071395 0099689 0174914 0070159 0041114
CholCheck 0134447 0117704 0096834 1000000 0057470 -0.000614 0030186 0054350 0020522 0102862

BMI 0264431 0212584 0104739 0057470 1.000000 -0.012635 0.004911 0036138 0141199 0000938

Smoker 0056836 0061398 0071395 -0.000614 -0012635 1000000 0060530 0113005 0062740 0006187

stroke 0121712 0130743 0099689 0030186 0004911 0060530 1000000 0215324 0061412 0017320
HeartDiseaseorAttack 0201365 0205737 0174914 0054350 0036138 0.113005 0215324 1000000 0075065 0029892
PhysActivity 0130980 -0.114110 0070159 -0.020522 -0.141199 -0.062740 -0.061412 0075065 1000000 0009954
AnyHealthcare 0037652 0047368 0041114 0102862 0000938 -0.006187 0017320 0029892 0.009954 1.000000
GenHith 0365634 0281893 0206230 0081572 0221403 0127412 0174126 0254057 -0230808 0009226

MentHith 0067257 0050250 0076394 0001672 0077149 0082409 0066838 0049291 -0.095601 0031876
PhysHith 0198968 0166096 0135011 0052047 0130899 0109243 0143373 0172730 -0.198357 0020294

Sex 0033924 0031294 0006522 -0.010858 -0014139 0103601 0007845 0102293 0048175 0010528

Age 0262193 0310302 0213486 0107406 -0057025 0087895 0136748 0236721 0102833 0147483
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In[]:

DATA VISUALIZATION

# Extract BMI and PhysHLth columns

bmi

= df['BMI']

phys_hlth = df['PhysHlth']

# Create a scatter plot

plt.
plt.
plt.
plt.
plt..
plt.
plt.
plt.

figure(Figsize=(10, 6))

scatter(bmi, phys_hlth, c=df['Diabetes_binary'], cmap='cooluarm’, alpha=0.5)
colorbar(label='Diabetes Binary')

xlabel('BMI')

ylabel('PhysHlth')

title('BMI vs PhysHlth Scatter Plot')

grid(True)

shou()
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In [ ]:

# Filter data for individuals with high cholesterol
high_chol_data = df[df[ 'HighChol'] == 1]

# Create the bar plot

plt.figure(figsize=(12, 8))

sns.countplot (x="Age’, hue='Sex', data=high_chol_data)
plt.title('Distribution of High Cholesterol by Age and Sex')
plt.xlabel('Age’)

plt.ylabel(’Count')

plt.legend(title="Sex"')

plt.xticks(rotation=45)

plt.show()

Distribution of High Cholesterol by Age and Sex
3000

count
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In [ ]:

# Set the style of the plot
sns.set_style("whitegrid")

# Create the violin plot

plt
sns
plt
plt
plt
plt

Mental Health Score

_figure(figsize=(10, 6))
*Stroke', y='MentHlth', data=df)

_violinplot(

-title('Violin Plot of Stroke vs MentHlth')

_xlabel('Stroke"')

_ylabel('Mental Health Score')

“show()
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corr_matrix

df.corr()

# # Set up the matplotlib figure

plt.figure(figsize=(12, 16))

# # Calculate the correlation matrix

# Plot the correlation matrix heatmap

sns.heatmap(corr_matrix, annot=True, cmap =

# Add title
plt.title(

# Display the plot

plt. show()

Hgncna

Hgnse

Correation Matrix Heatmap

Lfmt=

linewidths=o.
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MOVING AVERAGE SMOOTHING

In [ 1:| # Define window size for moving average
window_size = 3

# Apply moving average smoothing to each column
smoothed_df = df.rolling(window-windou_size).mean().fillna(metho
a(method="FFil1")

*bfill’).filln

# Print the smoothed DataFrame
print(smoothed_df)

Diabetes binary  High8P HighChol CholCheck BMI  Smoker \
° 0.0 0.666667 ©.333333 1.0 26.068000 ©.333333
1 0.0 0.666667 ©.333333 1.0 26.068000 ©.333333
2 0.0 0.666667 ©.333333 1.0 26.068000 ©.333333
3 0.6 0.666667 ©.666667 1.0 26.666667 ©.666667
a 0.6 ©0.333333 0.333333 1.6 27.666667 ©.666667
70687 1.0 0.333333 1.600000 1.6 30.333333 0.000600
70688 1.0 0.000600 1.600008 1.0 31.068000 ©.333333
70689 1.0 0.333333 1.000000 1.0 30.333333 ©.333333
70698 1.0 0.666667 1.600008 1.0 24.068000 ©.333333
70691 1.0 1.000600 1.600006 1.0 22.666667 ©.000800
Stroke HeartDiseaseorAttack PhysActivity AnyHealthcare —GenHlth \
° 0.333333 ©0.0060000 0.666667 1.6 2.333333
1 0.333333 ©.000000 ©.666667 1.0 2.333333
2 0.333333 ©.000000 ©.666667 1.0 2.333333
3 0.333333 ©.000000 ©.666667 1.0 2.333333
a ©.068000 ©.000008 1.060000 1.0 2.006800
70687 ©.600060 0.333333 .666667 1.0 4.006800
70688 0.000060 0.333333 0.333333 1.0 3.333333
70680 0.600060 0.666667 ©.000000 1.6 3.666667
70690 0.600060 0.666667 ©.000000 1.6 3.666667
70691 0.600060 0.666667 0.333333 1.6 3.666667

MentHlth  PhysHlth Sex Age
1.666667 13.333333 1.006600 9.666667
1.666667 13.333333 1.008600 9.666667
1.666667 13.333333 1.006600  9.666667
0.008000 4.333333 1.006600 12.000600
0.008000  4.333333 0.666667 10.666667

0
1
2
3
a
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In [ 1: | # Train the model
history = merged_model.fit(X_train_cnn, y_train, epochs=20, batch_siz

64, valid

# Evaluate the model
loss, accuracy = merged_model.evaluate(X_test_cnn, y_test)

print("Test Accuracy:”, accuracy)

Epoch 1/20
572/572 [ - 95 16ms/step - loss: 8.8560 - accura
cy: 8.9812 - val_loss: 0.6639 - val_accuracy: 6.9990

Epoch 2/20

572/572 [ - 25 3ms/step - loss: 6.8025 - accurac
y: 6.9993 - val_loss: ©.6614 - val_accuracy: 8.9995

Epoch 3/20

572/572 [ - 25 3ms/step - loss: 6.6017 - accurac
y: 6.9996 - val_loss: 1.7888e-64 - val_accuracy: 1.6680

Epoch 4/20

572/572 [ - 25 3ms/step - loss: 8.6000e-04 - acC

uracy: ©.9998 - val loss: 7.2432e-84 - val accuracy: 8.9995
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training and validation

In [ 1: | # Plot training and validation Loss
plt.figure(Figsize=(12, 6))
plt.subplot(1, 2, 1)
plt.plot(history.history[ ‘loss'], label='Training Loss')
plt.plot(history.history[ ‘val_loss'], label-'Validation Loss')
plt.title('Training and Validation Loss')
plt.xlabel("Epoch’)
plt.ylabel(’Loss’)
plt.legend()

# Plot training and validation accuracy

plt.subplot(1, 2, 2)

plt.plot(history.history[ ‘accuracy’], label-'Training Accuracy’)
plt.plot(history.history[ 'val accuracy’], label-'Validation Accuracy’)
plt.title('Training and Validation Accuracy’)

plt.xlabel("Epoch’)

plt.ylabel(’Accuracy’)

plt.legend()

plt.tight_layout() # Adjust subplot Layout to prevent overlapping
plt. show()
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confusion matrix

# calculate confusion matrix
n = confusion_matrix(y_test, y_pred)

# Plot confusion matrix
plt.figure(Figsize=(8, 6))
sns.heatmap(cm, annot=True, fmi
plt.title(’Confusion Matrix')
plt.xlabel('Predicted Labels’)
plt.ylabel("True Labels’)

plt. show()

, cmap="Blues’, cbar-False)

Confusion Matrix

True Labels

Predicted Labels




image14.png
true_df = df[y=-1]

‘true_df .head()

Diabetes_binary HighBP HighChol CholCheck

BMI Smoker Stroke HeartDiseaseorAttack PhysActivity AnyHealthcare GenHith

MentHith  PhysHith
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KMeans Algorithm

In [ ]: from sklearn.cluster import Kieans
#rom sklearn.metrics import accuracy_score

#rom sklearn.model_selection import train_test_split, GridSearchcV
#rom sklearn. linear model import LogisticRegression

#rom sklearn.ensemble import RandomForestClassifier

#rom sklearn.svm import SVC

#rom sklearn.ensemble import StackingClassifier

# Assuming ‘values’ is your DataFrame
kmeans = Kiteans (n_clusters=3)
clusters = kmeans.fit_predict(values)

Diabetic_types = {0: "Low", 1: "Moderate”, 2: "High"}
severity_level = [Diabetic_types.get(cluster) for cluster in clusters]

# Assuming ‘a_train’, ‘b_train’, 'a_test’, and 'b_test’ are your training and te
sting data

# Splitting the data into training and testing sets

a_train, a_test, b_train, b_test = train_test_split(values, severity_level, test
_size=6.2, random_state=42)

# Train base models
modell = RandomForestClassifier(n_estimators=100, random_state=42)
model2 = SVC(kernel="rbf’, gamma="scale’, random_state=42)

# Stack models
estimators = [
('rf’, modell),
("sve’, model2)
1

stacking_model = StackingClassifier(estimators=estimators, final_estimator-Logis
ticRegression())

# Fit stacking model
stacking_model.fit(a_train, b_train)

# Nake predictions
stacking_predic = stacking model.predict(a_test)

# Print model score
print("Model Score is :", stacking_model.score(a_train, b_train))

# Print accuracy score
Pprint("ACC Score is : ", accuracy_score(b_test, stacking_predic))

# Print test accuracy
print("Test Accuracy {}".format(stacking model.score(a_test, b_test)))
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SEVERITY VISUALIZATION

In [ ]: | # Calculate counts of each severity Level
severity_counts = {'Low’: 0, 'Moderate
for severity in stacking_predic:

severity_counts[severity] += 1

o, "High': o}

# plot bar plot
plt.Figure(Figsize=(s, 6))

plt.bar(severity counts.keys(), severity counts.values(), color-['pink’, ‘orang
e, purple’])

plt.xlabel('Severity Level’)

plt.ylabel("Count’)

plt.title("Count of Disbetic Severity Levels’)

plt.shou()

Count of Diabetic Severity Levels

2000

1500

Count.

1000

500

Low Moderate
Severity Level
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In [

Confusion Matrix

# Calculate confusion matrix

conf_matrix

onfusion_matrix(b_test, stacking predic)

# Plot confusion matrix

plt

plt.
plt.
plt.
plt.

True

_Figure(figsize=(s, 6))
_heatmap(conf_matrix, annot=True, fmt="d", cmap:

Lue:
xticklabels=["Low",
yticklabels=["Low",

xlabel(’Predicted’)

Moderate”, "High"],
Moderate”, "High"])

ylabel(‘True')
title(*Confusion Matrix')
shou()
Confusion Matrix
- 200¢
H
4 1750
150¢
M 1250
H
] 1000
- 750
- 500
£
-250
o

Low Moderate
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Classification Report

In [ ]: |# Print classification report
print("Classification Report:")
print(classification_report(b_test, stacking predic))

Classification Report:

precision  recall fl-score support
High 1.00 1.00 1.00 2092

Low 1.00 1.00 1.00 2201
Moderate 1.00 1.00 1.00 1846
accuracy 1.00 6139
macro avg 1.00 1.00 1.00 6139
weighted avg 1.00 1.00 1.00 6139
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In [ ]: df = pd.read_csv('/content/drive/MyDrive/Diabetes/diabetes_binary_505@split_health_indicators BRFSS2015.csv')

In [ ]: df.head()

ot Diabetes_binary HighBP HighChol CholCheck BMI Smoker Stroke HeartDiseaseorAttack PhysActivity Fruits .. AnyHealthcare NoDocbcCost GenHith
° 00 10 00 10 260 00 00 00 10 00 10 00 30
1 00 10 10 10 260 10 10 00 00 10 10 00 30
2 00 00 00 10 260 00 00 00 10 10 10 00 10
3 00 10 10 10 280 10 00 00 10 10 10 00 30
4 00 00 00 10 290 10 00 00 10 10 10 00 20
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In [ 1: # Check for missing values
print("\nMissing values in the dataset:")
print(df . isnull().sum())

Missing values in the dataset:
Diabetes_binary 0
HighBP

HighChol
CholCheck

BMI

Smoker:

Stroke
HeartDiseaseorAttack
PhysActivity
Fruits

Veggies
HvyAlcoholConsump
AnyHealthcare
NoDocbcCost
GenHlth

MentHlth

PhysHlth
Diffualk

Sex

Age

Education

Income

dtype: int64

R L LR K]




