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The purpose of this configuration manual for research is to facilitate the viewer with providing 

essential steps in running the solution. 

 

 The coding environment is Jupyter notebook for ease of execution, visualizing data and 

documentation of the workflow. But it also supports other Python based editing environments. 

 Creating environment variables is considered a good code practice to isolate current project’s 

dependencies that might later overlap and cause version issues.  

 The dataset can be downloaded to local from Kaggle under 

“enhanced_health_insurance_claims.csv”. 

 Required packages include pandas, numpy, sklearn, matplotlib, seaborn, imblearn, metrics, 

columntransformer, simple imputer, fastml. 

 Concise summary of the attributes is obtained by using `fastml` library, time feature 

conversion is done using pandas datetime function and derived time features are added using 

dt.month, dt.year attributes. 

 Initial data quality assessment is performed that includes checking for nulls, duplicates, data 

types, distributions on the health variables. 

 EDA visualizations are plotted - histogram for distribution of claim amounts, boxplot on 

provider specialty, violin plot distribution for claim amount by gender, barplot for claim type, 

amount and status. Pearson correlation matrix and heatmap are computed. 

 Feature engineering is performed for the following: 

o  Age bins, income bins using pandas.qcut() to divide a continuous variable 

(PatientIncome) into quartile-based categories. 
o  Flags claims that are greater than the 75th percentile 

o Create combination feature using concatenation (ClaimType + ClaimSubmissionMethod). 

 One hot Encoding for numerical and categorical features are performed. 

 SMOTE is used to train the model to overcome class imbalance, improve recall and precision 

for the minority class, prevent bias. 

 The target of train and test data is set to “IsHighClaim” and the rest of the attributes are 

independent features. 

 Column transformer typically processes encoding of numerical and categorical, with models 

“RandomForestClassifier”, “GradientBoostingClassifier” and XGBoost. The number of 

boosting stages which are the decision trees is set to `n_estimators=100` with `random_state` 

set to 42 for reproducibility. 

 Hyperparameter tuning method ` RandomizedSearchCV` is applied on data with parameters: 

` n_iter=20` implying the model needs to itern for 20 combinations and ` cv=3` to obtain a 3-

fold cross-validation that splits the dataset into 3 equal parts and final score is the average of 

the 3. 

 Threshold tuning with custom value 0.3 is set, to flag high claim amount especially for cost 

sensitive applications. 

 Logarithmic transformation is applied on skewed data for the XGBoosting Classifier Model. 

 Classification report and ROC AU curve imply this model outperforms and can be highly 

reliable for risk assessment, transparent policy pricing and building trust between 

policyholders and insurers. 
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Detailed explanation of code 
 

1. Primarily, all libraries and modules essential to solve the research question are imported 

and installed accordingly. 

2. The data in imported into Jupyter notebook from local file location and a copy of it is 

made, on which all steps are performed. 

3. The time column is converted into datetime64 nanosecond for uniformity, from which the 

month and year attributes are extracted to facilitate feature engineering. 

4. EDA is carried out in order to understand the distribution of data across various variables. 

a. Histogram for distribution of claim amount 

b. Boxplot to detect outlier 

c. Violin plot to see the density of data values 

d. Barplot with hue for distribution of claim amount by its type and status as 

opposed to amount 

5. To compute the correlation between numerical variables, pearson matrix is calculated, 

that revealed no such relationship exists within the variables. 

6. Time based features are extracted in order to provide the model with as many information 

as possible to facilitate accurate predictions. 

7. Ages : 0, 18, 35, 60, 100 are labelled as the following categories : 'Child', 'Youth', 'Adult', 

'Senior' to ease binary classification. Similarly, the income is binned into the following 

category: 'Low', 'Medium', 'High', 'Very High'. 

8. Threshold tuning is introduced in the next step to flag high claims in such a way that the 

model captures high outlier. This is performed by a simple calculation that creates a new 

column if the data value is greater than 75 %. 

9. The Claim interaction feature is created by concatenating claim type and claim 

submission method. 

10. Post feature engineering techniques, redundant or non-relevant columns are dropped. 

11. Essential steps are performed in the next cells for model tuning, such as defining feature 

and target variables, in this case is integer values of “IsHighClaim” column. 

12. Numerical and categorical features are identified as part of the preprocessing steps. 

Multiple parameters such as encoded features, numerical attributes with categorical 

values are passed into a Column transformer for parallel processing.  

13. In the next step, the models that are considered are initialised, which is random forest 

classifier and gradient boosting. Dataset is split into train and test data with a fixed 

random state of 42 for reproducibility, which are then passed into a pipeline. 

14. Model is then fitted on the test and train data. Predictions are carried out on test data, 

which is compared against the values of y test.  

15. A classification report is provided along with confusion matrix, that reveals that the 

model is not at its best performance. Hence further enhancements are made. 

16. Randomized search CV is implemented for both the above initialised models that takes 

into account the best possible set of combinations to act as predicting factors.  

17. This hyperparameter tuning technique has also not proved to be quite effective, in which 

case, the count of both the classes are checked. 

18. Due to this class imbalance, SMOTE is introduced before modelling the data. While the 

accuracy and precision metrics have improved, state of the art research implies there is 

more room for improvement by using other enhancements. 

19. A custom threshold of 0.3 is set to optimize the results on cost sensitive applications. 

20. Following are the conclusions that could be drawn from the results: 

a. Class 1 Recall: 37% — model misses 63% of high-risk cases 
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b. Class 1 Precision: 23% — most predicted positives are wrong. This model does 

not meet the goal because: 

 It fails to reliably identify high-risk patients (Class 1). 

 It misclassifies a large number of cases, leading to poor resource 

allocation. 

 It offers low predictive confidence, which undermines fair policy 

pricing. 

c. Hence this model is not effective for the research which does not help Identify 

high-risk individuals for targeted resource planning and performance. 

21. XGBoost, an ensemble method, handles missing values and class imbalances 

effectively. This statement is backed up by numerous literature research papers survey 

carried out initially. 

22. Applying logarithmic transformations on the target data can produce accurate 

predictions on classification tasks. By making the largely spread data, skewed, the 

model learns easily the hidden pattern in the values. 

23. A pipeline with XGBoost is built and class imbalance is manually handled by the 

formula: scale = negative / positive, where negative = sum(y_train == 0) class 0- not 

high claim and positive = sum(y_train == 1) class 1- Ishighclaim.  

24. Following are the conclusions that are drawn from the classification report, ROC AUC 

curve and confusion matrix: 

a. Well Predictive Performance- correctly identifies almost every high-risk and 

low-risk patient, which is crucial for insurance risk modeling. 

b. Accurate Risk Anticipation: 

 With only 1 misclassified case out of 900, the model demonstrates 

exceptional ability to anticipate risk. 

 This supports resourceful asset allocation by flagging high-risk 

individuals with confidence. 

c. Fair and Transparent Policy Pricing: 

 High precision and recall mean fairer rates can be offered to 

policyholders based on accurate risk profiles. 

d. Reliable model evaluation: 

 used confusion matrix, classification report, and ROC AUC—a 

comprehensive evaluation strategy. 

 These metrics confirm that model is not just accurate, but also 

balanced and trustworthy. 

 

 


