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Work Flow: 

1. We first started by importing all the necessary libraries 

2. We then checked for the missing values 

 

 

 

3. Since there were no missing values, we moved on to treat the outliers 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

  

 

 

 

 

 

 

 



 

 

 

 

 

4. ChestPainType outliers “TA” had a total percentage of more than 5%. We extracted those 

outliers and looked at the dataset from the point of view of those outliers. There was no 

change in the mean and median of any of the columns as compared to the mean and median 

of these columns when considering the entire dataset. But there was a change in Heart 

Disease Prediction column. The median was changed from 1 to 0. This meant that these 

outliers carried some information. So we checked for that information by comparing the 

Heart Disease prediction for all the values in ChestPainType column. The closest values to 

TA were NAP, so we merged TA with NAP with no effect to the overall Heart Disease 

Prediction. 

 

 

 

 

 

 

 

 

 

 

 

 

5. ST_Slope outliers “Down” had a total percentage of more than 6%. We again checked 

these values against all columns in the dataset and we noticed that all values of ST_Slope 

column were significantly changing the mean and median of the Oldpeak column. We 

thought that they carry an important information, so we kept them. 



6. Oldpeak outliers were 16 in total. Upon further 

mining, we found out that most of them had 

ChestPainType “ASY” and most of them 

predicted Heart Disease as positive. Most of 

them also had high cholesterol levels so we kept 

these outliers as they carried an important 

information. 

7. MaxHR outliers were only two in number. So 

we removed them. 

8. We could not understand the readings in FastingBS column because they were mostly 0s 

and 1s but since they were normally distributed between 0s and 1s of Heart Disease column 

so we kept them as it is. 

 

 

 

 

 

 

 

 

 

 

9. Cholesterol outliers were a total of 182 data points. The outliers above the upper bound 

were only 12 and they were not significantly altering the results or the mean and medians 

of other columns, so we replaced them with the median values of cholesterol. The outliers 

below the lower bound were 170 but most of them were 0s. Total cholesterol levels of 0 

are usually linked with no Heart Disease risk but in our dataset they were showing increases 

risk of Heart Disease so we thought that the data is faulty or these are calcium levels, LDL 

or HDL. But since there was no way of knowing for sure so we replaced all the values of 

0 with 84, so that they just fall within the lower whisker without any damage to the overall 

dataset. 

 

 

 

 



10. RestingBP outliers were a total of 28 values. Since they had 0 values and a systolic blood 

pressure of 0 is not possible, we assumed that these are diastolic blood pressure values. 

Since they were not significantly altering the mean and median of other columns nor were 

they significantly altering the results, we simply replaced them with median RestingBP 

values. 

 

 

 

 

 

 

 

 

 

11. After treating the outliers, we moved to One-Hot Encoding 

 

12. Then we moved to feature scaling. We used RobustScalar because we were keeping some 

outliers and we didn’t want our model to get affected because of them. 

 

 

 

 

 



13. The we checked for Multi-collinearity using Variance Inflation Factor (VIF) 

 

14. Then we kept removing one column after the other to check for VIF values. We stopped 

when we got VIF values less than 4 for all columns. So we were left with only 9 columns 

at the end. 

 

 

 

 



15. Then we moved on to applying different Models/Algorithms on our dataset. 

16. We first applied Logistic Regression and got 86% accuracy on train and 82% on test. We 

checked the model with different values of VIF and adding some of the removed features 

back and this is the best result that we got. 

 

17. We then applied Principal Component Analysis (PCA) and got 84% accuracy on train 

and 80% accuracy on test at 2 principal components. We checked the model with 3 and 4 

principal components but these were the best results that we got. 

 

 



18. We then applied Apriori Algorithm and got 92-98% confidence at 1.67-1.77 lift on our 

training data and 90-94% confidence at 1.62-1.69 on our test data.  

 

19. We then applied K-Nearest Neighbor (KNN) and got 83% accuracy on our test data at 

k=4. We checked the classifier for values of k ranging from 1 to 9. And these were the best 

results that we got. We used cosine similarity as a measure because these were 0/1 values. 

 

 

 

 

 

 

 

 

 

 

 

 



20. We then applied Decision Tree on our dataset using both Gini Index and Entropy as a 

criterion and got an accuracy of 81.8% and an F-1 score of 0.83 by using Gini Index and 

got an accuracy of 82.1% and an F-1 score of 0.83 by using Entropy. 

 

Gini Index 

 

 

Entropy 

 

 

 

21. Lastly we applied Gaussian Naïve Bayesian on our dataset and got 80.7% accuracy and 

a 0.83 F-1 score. 
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Comparisons of Models: 

Model Name Accuracy (Train) Accuracy (Test) Other 

Logistic Regression 86% 82%  

PCA with Log Reg 84% 80%  

Apriori Algorithm 92-98% confidence 90-94% confidence  

KNN   83% at k=4 

Decision Tree (Gini Index) 81.8%  0.83 F-1 Score 

Decision Tree (Entropy) 82.1%  0.83 F-1 Score 

Gaussian Naïve Bayesian 80.7%  0.83 F-1 Score 

 


