Appendix A

Data Preprocessing and Feature Engineering Details
This appendix provides complete technical specifications of the data preprocessing and feature engineering procedures used in the study to ensure transparency and reproducibility.
A.1 Missing Value Handling
Missing values were treated according to feature type and distributional characteristics:
· Numerical Features:
· Features with approximately symmetric distributions were imputed using the mean.
· Skewed numerical features (e.g., fees, placement packages) were imputed using the median.
· Categorical Features:
· Nominal variables were imputed using the mode.
· Ordinal variables were imputed using the most frequent category consistent with domain logic.
Features with more than 30% missing values were excluded to avoid bias and instability.
A.2 Outlier Detection and Treatment
Outliers were identified using the Interquartile Range (IQR) method:

Outliers were handled as follows:
· Extreme values due to data entry errors were removed.
· Legitimate institutional variations (e.g., exceptionally high placement packages in top-tier colleges) were retained after domain validation.
· Winsorization was applied where appropriate to cap extreme values without removing observations.

A.3 Feature Scaling and Normalization
To ensure comparability across models, numerical features were scaled using Min–Max normalization:

This scaling was applied particularly to features used by distance-based and margin-based algorithms (KNN and SVM).
A.4 Categorical Encoding
Categorical variables were encoded based on their semantic meaning:
· Ordinal Encoding:
Used for ordered categories such as accreditation grades and ranking tiers.
· One-Hot Encoding:
Applied to nominal variables such as geographic region and institution type.
Encoding mappings were learned from the training data only and reused for validation and test sets.
A.5 Composite Feature Construction
To capture multidimensional student–institution compatibility, the following composite indicators were constructed:
· Affordability Index:
Combines tuition fees, available financial aid, and reported family income.
· Academic Preparedness Score:
Aggregates entrance exam scores and prior academic performance.
· Career Alignment Score:
Measures alignment between student career preferences and institutional placement outcomes.
· Location Convenience Score:
Reflects geographic distance, regional preference, and urban classification.
All composite features were normalized to the range [0,1] for consistency.

A.6 Dimensionality Reduction
Principal Component Analysis (PCA) was applied selectively to highly correlated numerical feature groups to reduce redundancy while preserving interpretability. Components explaining at least 90% cumulative variance were retained. PCA was fitted exclusively on the training data to avoid data leakage.
A.7 Data Leakage Prevention
All preprocessing steps—including imputation, scaling, encoding, composite feature construction, and PCA—were fitted on the training data only and applied unchanged to validation and test sets. This ensured strict separation between training and evaluation phases.

