import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

from sklearn.model_selection import train_test_split, cross_val_score

from sklearn.linear_model import LinearRegression, Ridge, Lasso

from sklearn.preprocessing import StandardScaler, PolynomialFeatures
from sklearn.metrics import r2_score, mean_squared_error, mean_absolute_error

from sklearn.pipeline import Pipeline
import joblib
import os

# Load the type-aware processed data
data = pd.read_csv('data/final/modeling_data.csv"')

print(f"[4 Loaded data: {len(data):,} rows, {len(data.columns)} columns")

display(data.head())

(2 Loaded data: 5,550 rows, 12 columns

0

1

lat lon distance_from_center location_cluster
21.757199 39.173688 23.743010 9
21.541943 39.196728 2.660247 1
21.533378 39.190417 2.244313 1
21.541744 39.197044 2.696660 1
21.541999 39.196990 2.688916 1

# Load the full processed data for type information

month

full_data = pd.read_csv('data/processed/cleaned_data.csv')
print(f"4 Loaded full data: {len(full_data):,} rows")

display(full_data.head())

(2 Loaded full data: 5,550 rows

0

district_id plotiid Type lat
21001294 21001353230 21.757199 39.173688
21001293 210012112 21.541943 39.196728
21001293 21001475155 21.533378 39.190417

21001293 210011989 21541744 39.197044

21001293 210012108 21541999 39.196990

# Only keep numeric columns for correlation
numeric_df = data.select_dtypes(include="number")

# Calculate correlation matrix
corr_matrix = numeric_df.corr()

# Draw heatmap
plt.figure(figsize=(12, 8))
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sns.heatmap(corr_matrix, annot=True, cmap='coolwarm', fmt=".2f", square=True, linewidths=0.5)

plt.title(" & Feature Correlation Heatmap")
plt.tight_layout()
plt.show()
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# Get price column and type info

price_col = 'MeterPrice’

type_info = full_data[['lat', 'lon', 'property_type_en']].drop_duplicates()
data_with_types = data.merge(type_info, on=['lat', 'lon'], how='left")

# Prepare features and target
X = data.drop(columns=[price_col])
y = data[price_col]

# Train-test split (random split)
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Scale features

scaler = StandardScaler()

X_train_scaled = scaler.fit_transform(X_train)
X_test_scaled = scaler.transform(X_test)
joblib.dump(scaler, 'models/scaler.pkl")



[ 'models/scaler.pkl’]

# Save scaler for later use
joblib.dump(scaler, 'models/feature_scaler.pkl"')

[ 'models/feature_scaler.pkl']

### LINEAR REGRESSION ###

linear_model = LinearRegression()
linear_model.fit(X_train_scaled, y_train)

linear_pred = linear_model.predict(X_test_scaled)

linear_r2 = r2_score(y_test, linear_pred)

linear_rmse = np.sqrt(np.mean((y_test - linear_pred) ** 2))
print(f"Linear: R2={linear_r2:.3f}, RMSE={linear_rmse:.0f}")
joblib.dump(linear_model, 'models/linear_model.pkl")

Linear: R2=0.271, RMSE=1316
[ 'models/linear_model.pkl']

### RIDGE REGRESSION ###

ridge_model = Ridge(alpha=1.0)
ridge_model.fit(X_train_scaled, y_train)

ridge_pred = ridge_model.predict(X_test_scaled)

ridge_r2 = r2_score(y_test, ridge_pred)

ridge_rmse = np.sqrt(np.mean((y_test - ridge_pred) ** 2))
print(f"Ridge: R2={ridge_r2:.3f}, RMSE={ridge_rmse:.of}")
joblib.dump(ridge_model, 'models/ridge_model.pkl")

Ridge: R2=0.271, RMSE=1316
[ 'models/ridge_model.pkl']

### LASSO REGRESSION ###

lasso_model = Lasso(alpha=1.0, max_iter=3000)
lasso_model.fit(X_train_scaled, y_train)

lasso_pred = lasso_model.predict(X_test_scaled)

lasso_r2 = r2_score(y_test, lasso_pred)

lasso_rmse = np.sqrt(np.mean((y_test - lasso_pred) ** 2))
print(f"Lasso: R2={lasso_r2:.3f}, RMSE={lasso_rmse:.of}")
joblib.dump(lasso_model, 'models/lasso_model.pkl")

Lasso: R2=0.272, RMSE=1316
[ 'models/lasso_model.pkl']



