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Configuration Manual

Allan Ng’ang’a
Student ID: x23329696

1 Introduction

This configuration manual provides step-by-step instructions for replicating the Al-driven
credit scoring pipeline developed for the MSc Fintech research project titled "AlI-Driven
Credit Scoring Using Alternative Data: Unlocking Financial Access in Emerging
Markets."

The project uses the 2024 FinAccess Household Survey from Kenya, a nationally
representative dataset, to train machine learning models that predict creditworthiness based
on alternative data sources such as mobile money usage, savings behavior, and demographic
characteristics.

The goal is to create a reproducible, explainable, and fairness-aware pipeline that can help
policymakers, fintech companies, and regulators design more inclusive credit scoring systems
for underserved populations.

2 System Requirements

Hardware:
e Processor: Intel i5 (8th Gen) or equivalent (minimum)
e RAM: 8 GB minimum (16 GB recommended)
o Storage: 10 GB free space
e GPU: Optional (for faster training in Google Colab)
Software:
e Operating System: Windows 10/11, macOS 12+, or Ubuntu 20.04+
e Python: Version 3.9+
o Jupyter Notebook or Google Colab

Python Libraries:

Install required dependencies:

pip install pandas numpy scikit-learn imbalanced-learn shap xgboost lightgbm matplotlib
seaborn joblib

3 Section 3

Dataset:
e Name: FinAccess Household Survey 2024
e Source: FinAccess (Central Bank of Kenya, Kenya National Bureau of Statistics,
FSD Kenya)
e Format: CSV file



Steps to Load Data in Colab:
o import pandas as pd

# Loading main dataset
data = pd.read csv("2024 Finaccess Public data.csv™)

# Dimensions and data types
print(data.shape)
print(data.dtypes)

# Preview data
data.head()

Preprocessing Steps:
1. Handle missing values:

° # Calculate percentage of missing values per column
missing percent = data.isnull().mean() * 100

# Identify columns with more than 80% missing
cols_to_drop = missing_percent[missing_percent > 80].index

# Drop those columns
data = data.drop(columns=cols to drop)

# print dropped columns
print(" Dropped columns with more than 80% missing values:™)
print(list(cols to drop))

2. Feature selection

v PreProcessing & Feature Selection

[ 1 demographic_columns_to_keep = [
‘agegroup_of selected individual', # Using agegroup as age_of respondent was dropped earlier
'sex_of_selected_individual',
'a20_education_completed’, # Using a20_education_completed instead of education_level of_respodent
'a21_marital status', # Using a2l _marital_status instead of marital_status_of_respondent
'a8_cluster_type', # Urban/Rural - highly relevant for emerging markets context
‘disability status_indicator’,
'al9_relation_to_hh_head' # Can provide context about financial dependency

Target to be in binary (0 —1)

[ ] # Convert the target variable to numerical (1 for 'Yes', @ for "No', NaN for others)
dataset filtered]'el have you applied for and been denied a loan in the last 12 months numeric'] = dataset filtered|'el have you appliec

# Mean target score by gender

4 Model Configuration Requirements

Models Implemented:

o Logistic Regression (class weights balanced)
e Random Forest



e XGBoost
° IJig}H(}Ighd

Pipeline Steps:

v Pre-SMOTE

[ ] from sklearn.model selection import train test split
from sklearn.preprocessing import StandardScaler
from sklearn.metrics import (

accuracy_score, roc_auc_score, fl score, precision_score, recall score,
confusion_matrix, classification_report
)
from sklearn.calibration import CalibrationDisplay
from sklearn.linear_model import LogisticRegression
from sklearn.ensemble import RandomForestClassifier
from xgboost import XGBClassifier
from lightgbm import LGBMClassifier
import matplotlib.pyplot as plt
import re
import numpy as np
import pandas as pd

# Clean column names
X.columns = ["".join(c if c.isalnum() else " " for ¢ in str(x)) for x in X.columns]
X.columns = [re.sub(r® +', ' ', col).strip(’'_ ") for col in X.columns]

# Split data
X_train, X test, y train, y test = train_test split(
X, y, test_size=0.25, random_state=42, stratify=y

# Scale data

scaler = StandardScaler()

X_train_scaled = scaler.fit_transform(X_train)
X test scaled = scaler.transform(X test)

# Define models
models = {
"Logistic Regression (Pre-SMOTE)": LogisticRegression(
max_iter=1000, class_weight="balanced', random_state=42),
"Random Forest (Pre-SMOTE)": RandomForestClassifier(
n_estimators=20@, class _weight='balanced subsample', random_state=42),
"XGBoost (Pre-SMOTE)": XGBClassifier(
scale_pos_weight=(len(y train) - sum(y_train)) / sum(y_train),
eval metric='logloss', random_state=42),
"LightGBM (Pre-SMOTE)": LGBMClassifier(class weight='balanced', random_ state=42)

Model Evaluation:



# Evaluate models
results = []
for name, model in models.items():
print(f"\n{'='*601\nQ, Evaluating: {name} \n{'='*¥60}")

if name == "Logistic Regression™:

X _tr, X te = X_train_scaled, X test scaled
else:

X tr, X te = X _train, X test

model.fit(X tr, y train)
y_pred = model.predict(X te)
y _proba = model.predict proba(X te)[:, 1] if hasattr(model, “predict proba™) else y pred

# Add all consistent metrics
results.append({
'Model': name,
"Accuracy’: accuracy_score(y test, y pred),
'Precision’: precision_score(y test, y pred, zero division=0),
'Recall’: recall score(y test, y pred, zero division=0),
"F1 Score': f1 score(y test, y pred, zero division=8),
"ROC-AUC': roc_auc_score(y test, y proba),
"Confusion Matrix': confusion matrix(y test, y pred)

# Print Confusion Matrix & Report
print("\n[] Confusion Matrix:")
print(confusion matrix(y test, y pred))

print("\n[E] Classification Report:")
print(classification report(y test, y pred, digits=3))

# Plot Calibration Curve
if hasattr(model, "predict proba"):
CalibrationDisplay.from estimator(model, X te, y test, n_bins=10, name=name)
plt.title(f"Calibration Curve: {name} ")
plt.grid(True)
plt.show()

# Convert results into DataFrame
pre df = pd.DataFrame(results).set index('Model")

print("\n\n3% Pre-SMOTE Model Metrics:")
display(pre_df.round(4))

5. SHAPE Explainability



# SHAP Explainability for Logistic Regression (Post-SMOTE)
import shap

import pandas as pd

import numpy as np

# Create SHAP explainer using scaled training data
final logreg = post models|["XGBoost"]

# SHAP expects a DataFrame for feature names
X_train_shap = pd.DataFrame(X_resampled unscaled, columns=X.columns) # Use unscaled data
X _test shap = pd.DataFrame(X _test, columns=X.columns) # Use unscaled data

# Convert boolean columns to int
for col in X train_shap.columns:
if X _train_shap[col].dtype == bool:
X_train_shap[col] = X _train_shap[col].astype(int)
for col in X test shap.columns:
if X _test shap[col].dtype == bool:
X_test _shap[col] = X test shap[col].astype(int)

# Create SHAP explainer for linear model
explainer = shap.Explainer(final_logreg, X train_shap)

# Compute SHAP values for the test set
shap_values = explainer(X_test shap)

# Feeswarm plot - global feature impact
shap.plots.beeswarm(shap values)

# bar plot - average absolute impact per feature
shap.plots.bar(shap_values)

# Local explanation (e.g., for first prediction)
shap.plots.waterfall(shap_values[0])

o | I ranafraaa Fran.an.an.nnl

6.Fairness Audit



v Fairness

[ ] # Use the already trained Logistic Regression model
fairness_model = post_models["XGBoost™]

from sklearn.metrics import classification_report

# Columns to audit
group_columns = ['sex of selected individual®, 'agegroup of selected individual', 'a8 cluster type']

# Get the original indices that correspond to the test set
test indices = X test.index

# Evaluate for each group
for group _col in group columns:
print(f"\n\n@, Fairness Audit by: {group col}")

for group_value in dataset_cleaned[group_col].dropna().unique():
# Get the indices from the original dataset for the current group
group_indices original = dataset cleaned[dataset cleaned[group col] == group value].index

# Find the intersection of these indices with the test set indices
group test indices = test indices.intersection(group indices original)

if len(group_test_indices) ==
print(f* /A No samples for group: {group value}")
continue

# Get the positions of these indices in the X_test array
group positions in test = [X test.index.get loc(i) for i in group test indices]

# Subset X and y using these positions
X _group = X test scaled[group positions in test]
y group = y test.loc[group test indices]

# Predict
y_pred_group = fairness_model.predict(X_group)

# Output report
print(f"\n[al] Group: {group_value} ({len(group_test indices)} samples)")
print(classification report(y group, y pred group, digits=3))

7. Saving & Loading the Pipeline

[ 1 from sklearn.pipeline import Pipeline
from sklearn.preprocessing import StandardScaler
from sklearn.linear_model import LogisticRegression
import joblib

# Create pipeline (scaler + logistic regression)
final pipeline = Pipeline([
('scaler', StandardScaler()), # fits on unscaled X
('logreg', LogisticRegression(max_iter=1000, class weight="balanced', random state=42))

1

final_pipeline.fit(X_resampled_unscaled, y_resampled unscaled)

Load Model



o joblib.dump(final pipeline, "loan_denial prediction pipeline.pkl")
print("l Final pipeline saved as 'loan_denial prediction pipeline.pkl'™)

Sy Final pipeline saved as 'loan_denial prediction_pipeline.pkl’
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