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About
Introduction

Source: https://www.kaggle.com/competitions/house-prices-advanced-regression-techniques/overview



Features Description
Original data is split into:
• Train set (81 features, with 

House ID), and
• Test set (80 features, with 

House ID)

The train dataset has the 
column SalePrice with the 
objective checking validation. 
This column doesn’t exist in 
the test dataset and that’s 
our ultimate goal ⟶ predict 
SalePrice for each House ID 
in the test set.

Introduction



Descriptive StatisticsEDA



Classify ColumnsEDA



Classify Columns

Numerical columns:
• 'MSSubClass', 'LotFrontage', 'LotArea', 'OverallQual', 'OverallCond', 'YearBuilt', 'YearRemodAdd', 'MasVnrArea', 'BsmtFinSF1', 

'BsmtFinSF2', 'BsmtUnfSF', 'TotalBsmtSF', '1stFlrSF', '2ndFlrSF', 'LowQualFinSF', 'GrLivArea', 'BsmtFullBath', 'BsmtHalfBath', 'FullBath', 
'HalfBath', 'BedroomAbvGr', 'KitchenAbvGr', 'TotRmsAbvGrd', 'Fireplaces', 'GarageYrBlt', 'GarageCars', 'GarageArea', 'WoodDeckSF', 
'OpenPorchSF', 'EnclosedPorch', '3SsnPorch', 'ScreenPorch', 'PoolArea', 'MiscVal', 'MoSold', 'YrSold’

• Number of numerical columns: 36

EDA



Classify Columns

Numerical columns:
• 'MSSubClass', 'LotFrontage', 'LotArea', 'OverallQual', 'OverallCond', 'YearBuilt', 'YearRemodAdd', 'MasVnrArea', 'BsmtFinSF1', 

'BsmtFinSF2', 'BsmtUnfSF', 'TotalBsmtSF', '1stFlrSF', '2ndFlrSF', 'LowQualFinSF', 'GrLivArea', 'BsmtFullBath', 'BsmtHalfBath', 'FullBath', 
'HalfBath', 'BedroomAbvGr', 'KitchenAbvGr', 'TotRmsAbvGrd', 'Fireplaces', 'GarageYrBlt', 'GarageCars', 'GarageArea', 'WoodDeckSF', 
'OpenPorchSF', 'EnclosedPorch', '3SsnPorch', 'ScreenPorch', 'PoolArea', 'MiscVal', 'MoSold', 'YrSold’

• Number of numerical columns: 36

Categorical columns:
• 'MSZoning', 'Street', 'Alley', 'LotShape', 'LandContour', 'Utilities', 'LotConfig', 'LandSlope', 'Neighborhood', 'Condition1', 'Condition2',

       'BldgType', 'HouseStyle', 'RoofStyle', 'RoofMatl', 'Exterior1st', 'Exterior2nd', 'MasVnrType', 'ExterQual', 'ExterCond', 'Foundation',
       'BsmtQual', 'BsmtCond', 'BsmtExposure', 'BsmtFinType1', 'BsmtFinType2', 'Heating', 'HeatingQC', 'CentralAir', 'Electrical', 'KitchenQual',
       'Functional', 'FireplaceQu', 'GarageType', 'GarageFinish', 'GarageQual', 'GarageCond', 'PavedDrive', 'PoolQC', 'Fence', 'MiscFeature',
       'SaleType', 'SaleCondition'
• Number of categorical columns: 43

EDA



Numerical FeaturesEDA



Categorical FeaturesEDA



‘SalePrice’ distributionEDA



‘SalePrice’ distributionEDA
• Distribution Shape:

⚬ The distribution of SalePrice remains right-skewed (positively skewed), 

with the majority of home prices falling between 100,000 and 250,000.

⚬ The data shows a single strong peak (mode), with frequency gradually 

tapering off as prices increase, indicating that lower-to-mid-priced 

houses are most common in the dataset.

• Outliers and Spread:

⚬ There is a long right tail, though now the artificial spike at zero is gone.

⚬ Some homes are significantly more expensive (above USD400K), but 

these are rare compared to the overall sample.

• Central Tendency:

⚬ Most values are concentrated between USD120K and USD200K, 

suggesting that this is the primary price segment in the data.

⚬ The mean is likely higher than the mode, due to the presence of high-

value properties pulling the average upwards.



‘SalePrice’ distributionEDA

• Skew = 1.8829: The distribution is right-skewed with a noticeable degree of skewness. While not extreme (>3), it is sufficient to cause 

some models—particularly linear models with homoscedastic error assumptions—to be unduly influenced by larger values.

• Kurtosis = 6.5363: This indicates heavy tails, meaning there are more outliers in the right tail than expected under a normal 

distribution. The risk of significant outliers is higher than the standard level.



‘SalePrice’ distributionEDA

• Skew = 1.8829: The distribution is right-skewed with a noticeable degree of skewness. While not extreme (>3), it is sufficient to cause 

some models—particularly linear models with homoscedastic error assumptions—to be unduly influenced by larger values.

• Kurtosis = 6.5363: This indicates heavy tails, meaning there are more outliers in the right tail than expected under a normal 

distribution. The risk of significant outliers is higher than the standard level.

⟶  Try a log transformation (e.g., log1p) on SalePrice to reduce both the 
skewness and the heavy tails before training a model



‘SalePrice’ Log distributionPreprocessing

np.log1p(
train['SalePrice'
]
)



np.log1p(
train['SalePrice'
]
)

log1p transformation reshapes the distribution 
to be more symmetrical, significantly 

reducing the skewness

Preprocessing ‘SalePrice’ Log distribution



Log‘SalePrice’ Diagnostic
To check the effectiveness of the 
log transformation onto ‘SalePrice’ 
column, we visualize some plots and 
check:
• Heteroscedasticity
• Normality
• Variance Homogeneity
• Distribution of Residuals

Preprocessing
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Preprocessing Log‘SalePrice’ Diagnostic



Preprocessing
Outliers Detection and Removal
bad_outliers = df[residuals < -
0.5]

1. The "Internal/Abnormal Transactions" Group
• ID 633 (SalePrice 82,500 | Qual 7 | Size 1411 | Family)

⚬ A good quality house (7/10), large area, but sold at an extremely low price.
⚬ SaleCondition = Family. This indicates a sale between family members (e.g., 

parents to children).
• IDs 496, 917, 969 (SaleCondition = Abnorml)

⚬ "Abnorml" often indicates foreclosure, distress sales, or cancelled transactions. 
Their abnormally low prices are not due to poor house quality, but because the 
owner needed urgent cash.

2. The "Statistical Noise" Group
• ID 30 (SalePrice 40,000 | Size 1317)

⚬ Imagine a 1317 sqft house selling for only 40k, while ID 917 (a tiny 480 sqft house) 
sold for 35k.

⚬ Business perspective: could be a house in a demolition zone or with severe 
foundation damage not captured in the data.

• ID 462 (SalePrice 62,383 | Size 864)
⚬ The price is oddly specific (62,383): result of a specific auction or bank 

foreclosure formula rather than a negotiated market price.
• ID 1325 (SalePrice 147,000 | Qual 8 | Partial)

⚬ "Partial" usually refers to new construction not yet completed. A quality rating of 
8 is very high (Luxury).

• ....

Log‘SalePrice’ Diagnostic



Log‘SalePrice’ DiagnosticPreprocessing
Outliers Detection and Removal
bad_outliers = df[residuals < -
0.5]

outliers_to_drop = [
31, 411, 463, 496, 524, 
633,
813, 917, 969, 1299, 1325
]



Log‘SalePrice’ DiagnosticPreprocessing



Ordinal and Nominal FeaturesPreprocessing
For ordinal columns, we convert text to number:

1. Standard scale
quality_map = {'Ex': 5, 'Gd': 4, 'Ta': 3, 'Fa': 2, 'Po': 1, 'None': 0}

2. Basement Exposure scale
exposure_map = {'Gd': 4, 'Av': 3, 'Mn': 2, 'No': 1, 'None': 0}

3. Basement Finish scale (GLQ -> Unf)
bsmt_fin_map = {'GLQ': 6, 'ALQ': 5, 'BLQ': 4, 'Rec': 3, 'LwQ': 2, 'Unf': 1, 
'None': 0}

4. Garage Finish scale
garage_fin_map = {'Fin': 3, 'RFn': 2, 'Unf': 1, 'None': 0}

5. Functional scale
func_map = {'Typ': 7, 'Min1': 6, 'Min2': 5, 'Mod': 4, 'Maj1': 3, 'Maj2': 2, 'Sev': 
1, 'Sal': 0}

6. Fence scale
fence_map = {'GdPrv': 4, 'MnPrv': 3, 'GdWo': 2, 'MnWw': 1, 'None': 0}

7. LotShape
# Reg (Regular) > IR1 > IR2 > IR3 (Irregular)
lot_shape_map = {'Reg': 4, 'IR1': 3, 'IR2': 2, 'IR3': 1}

8. LandSlope
# Gtl (Gentle) > Mod > Sev (Severe)
slope_map = {'Gtl': 3, 'Mod': 2, 'Sev': 1}

9. PavedDrive 
# Y (Paved) > P (Partial) > N (Dirt)
paved_map = {'Y': 3, 'P': 2, 'N': 1}



Ordinal and Nominal FeaturesPreprocessing
For two nominal columns, we convert numbers to strings for One-Hot Encoding:



Outliers DetectionPreprocessing



Outliers DetectionPreprocessing



Outliers ProcessingPreprocessing
For features with skew > 0.75, we deploy log transformation and create additional logged columns ending with ‘_log’



Binary FlagsPreprocessing
For columns which have values of 0 means they don’t have it. We will create columns starting with ‘Has_’ 
displaying 1 if they have it and otherwise 0.



One-hot EncodingPreprocessing

Before deploying OHE method for those columns categorical, we remove ‘SalePrice’, and ‘Id’ columns



Correlation Detection and RemovalPreprocessing

We will run two groups of models, one significantly affected by multicollinearity (1) and one less be (2). Therefore, we will 
remove features with highly exclusive correlation (prepared for 1), but keep remaining them and dropping duplicates for 2.



Correlation Detection and RemovalPreprocessing

We will run two groups of models, one significantly affected by multicollinearity (1) and one less be (2). Therefore, we will 
remove features with highly exclusive correlation (prepared for 1), but keep remaining them and dropping duplicates for 2.



Inf and High VIF RemovalPreprocessing

We additionally check VIF of features from the X_linear_features. This ultimately remains 38 features with the value of VIF < 10.



Inf and High VIF RemovalPreprocessing

We additionally check VIF of features from the X_linear_features. This ultimately remains 38 features with the value of VIF < 10.
They are:

'LotArea', 'LotShape', 'LandSlope', 'OverallCond', 'ExterQual', 'ExterCond', 'BsmtQual', 'BsmtCond', 'BsmtExposure', 'BsmtFinType1', 

'BsmtFinType2', 'HeatingQC', 'CentralAir', 'LowQualFinSF', 'KitchenQual', 'Functional', 'Fireplaces', 'FireplaceQu', 'GarageFinish', 

'GarageCars', 'GarageQual', 'GarageCond', 'PavedDrive', 'Fence', 'YrSold', 'LuxuryIndex', 'HouseAge', 'RemodAge', 'Has_TotalBsmtSF', 

'Has_Fireplaces'

'LowQualFinSF_log', 'KitchenAbvGr_log', 'BsmtFinSF2_log', 'OutdoorArea_log', 'LotFrontage_log', 'BsmtUnfSF_log', 'BsmtFinSF1_log', 

'TotalRooms_log'



Linear Regression & Ridge & LassoTraining

At this stage, we run three linear-sensitive models: OLS, Ridge, and Lasso on the internal train dataset without test.
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Linear Regression & Ridge & LassoTraining

At this stage, we run three linear-sensitive models: OLS, Ridge, and Lasso on the internal train dataset without test.



SalePrice Prediction by RidgeTraining

We try printing out the first 10 House price between Actual and Prediction generated by Ridge Regression. 



SalePrice Prediction by RidgeTraining

• The Ridge Regression 
model performs well in the 
mainstream market 
segment but is under-
fitting in the high-end 
luxury segment.

• Where the actual price is > 
$400,000, the green data 
points consistently fall 
below the red line

Limitations of Ridge model:



SalePrice Prediction by RidgeTraining

• The Residual Plot (right) 
clearly shows a funnel 
shape, widening 
significantly toward the 
right side. This confirms 
that the model's error 
(variance) increases 
sharply as the home value 
rises

Limitations of Ridge model:



SalePrice Prediction by RidgeTraining

next step: deploy Tree-based models such as Random Forest or XGBoost.
These algorithms are inherently capable of automatically learning complex non-linear interactions 
and are expected to significantly reduce the prediction error, especially within the high-value range.



Random Forest & Gradient Boosting
& XGBoost

Training



Random Forest & Gradient Boosting
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Random Forest & Gradient Boosting
& XGBoost

Training

We try printing out the first 10 House price between Actual and Prediction generated by XGBoost.



Random Forest & Gradient Boosting
& XGBoost

Training

The next step to maximize our score is Blended Ensemble.
We will combine the stability of Ridge with the predictive power of XGBoost



Training

We try looking for the best combination of weights between Ridge and XGBoost.

Blending model: XGBoost + Ridge



Blending model: XGBoost + RidgeTraining

We try looking for the best combination of weights between Ridge and XGBoost.

0.81*XGBoost + 0.19*Ridge



Blending model: XGBoost + RidgeTraining

We try printing out the first 10 House price between Actual and Prediction generated by Blending model.



Deploy transformation pipeline on
Test set

Testing

Before running the defined blending model on test set, we must apply preprocessing functions on test set in order to 
make them aligned with train set. Once being matched, test can be undergone the final model.



Prediction on Test setTesting

We use the blending model trained in previously cells, deploying them with the test set. 
We complete predicting the price of each house in this dataset.



House Segmentation
In order to make more precise predictions on the “outlier” houses which can not be predicted well by the 
blending of Ridge and XGBoost. We will segment houses, classifying them based on their characteristics. 
After profiling houses, we may predict the technically accurate price of houses.



House Segmentation
In order to make more precise predictions on the “outlier” houses which can not be predicted well by the 
blending of Ridge and XGBoost. We will segment houses, classifying them based on their characteristics. 
After profiling houses, we may predict the technically accurate price of houses.

Technical procedure of House Segmentation:

Data Preprocessing

Feature Engineering

Model Testing and Selection

Weight Selection of Blending Model with Profiling Data

Model Validation Check

Final Model on Test set



Preprocessing on Train setHouse Segmentation
Following exactly same as previous processing pipelines on the train set in the previous Supervised Learning model.



Preprocessing on Train setHouse Segmentation
Following exactly same as previous processing pipelines on the train set in the previous Supervised Learning model.

For Unsupervised learning, we don’t deploy nominal conversion on train set because we don’t use the method One-hot 
Encoding for this type of learning, just keeping using ordinal transformation.



Preprocessing on Train setHouse Segmentation
Following exactly same as previous processing pipelines on the train set in the previous Supervised Learning model.

For Unsupervised learning, we don’t deploy nominal conversion on train set because we don’t use the method One-hot 
Encoding for this type of learning, just keeping using ordinal transformation.



Featuring EngineeringHouse Segmentation
We select only technically appropriate features used for Clustering methods.



Featuring EngineeringHouse Segmentation
Clustering methods also requires data scaled for avoiding extreme dots’ effect.



HDBSCAN and Noise ReductionHouse Segmentation
First, to detect noise and remove them out of the dataset, we run HDBSCAN, investigating what constitutes noise cloud.



HDBSCAN and Noise ReductionHouse Segmentation
First, to detect noise and remove them out of the dataset, we run HDBSCAN, investigating what constitutes noise cloud.



HDBSCAN and Noise ReductionHouse Segmentation
We remove noise (data labelled as -1) and redefine the train set.



HDBSCAN and Noise ReductionHouse Segmentation
We remove noise (data labelled as -1) and redefine the train set.



K-Means & Clusters DetectionHouse Segmentation
We seek out the number of clusters by deploying K-Means method.



K-Means & Clusters DetectionHouse Segmentation
We seek out the number of clusters by deploying K-Means method.
Both Silhouette and CH-Index prove k=2 as the best and the number of clusters should be 2.



K-Means & Clusters DetectionHouse Segmentation
Under Business landscape, we should consider k=4 for business interpretability and strategic house classification.



K-Means & Clusters DetectionHouse Segmentation
Under Business landscape, we should consider k=4 for business interpretability and strategic house classification.

• These 4 clusters represent 4 major value segments that can be 

described in business terms (Starter, Middle, High-End, Luxury)

• We chose K=4 with a low Silhouette score, we accept less 

distinct cluster boundaries (Silhouette 0.1909) in exchange for 

High Interpretability.

⟶ K=4 provides the best balance between market segmentation 

and data structure. Although the clusters overlap, they still 

represent four distinct value regions along the PCA axes.



K-Means & Clusters DetectionHouse Segmentation
Under Business landscape, we should consider k=4 for business interpretability and strategic house classification.



Hierachical Clustering
& Clusters Detection

House Segmentation
We try deploying Hierachical Clustering to assure if k=4 is optimal.
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House Segmentation
We try deploying Hierachical Clustering to assure if k=4 is optimal.

Height = 32

2 3 4



Hierachical Clustering
& Clusters Detection

1

House Segmentation
We try deploying Hierachical Clustering to assure if k=4 is optimal.

Height = 32

2 3 4

The vertical distance from the cutoff (Height ≈ 32) to the next mergers (Height ≈ 45–50) is relatively large
⟶  4 clusters created at this level are highly distinct (they must travel a significant distance to merge).



Hierachical Clustering
vs K-Means

House Segmentation

We compare the number of data points in each cluster defined by both Hierachical and K-Means and opting out which 
cluster patterns should be chosen for easy and meaningful business interpretation.

⟶ Hierarchical Clustering tends to merge, creating larger clusters

⟶ K-Means provides more detailed segmentation, creating more balanced-sized 

clusters



Hierachical Clustering
vs K-Means

House Segmentation

We choose K-Means clusters as optimal ones and move on to compare with other models.



GMMHouse Segmentation

We also run GMM to detect clusters and compare its work to K-Means’ one.



GMMHouse Segmentation

We also run GMM to detect clusters and compare its work to K-Means’ one.

Even though GMM works very well with k=2. But 
following business perspective, we still set up k=4 
and calculate some essential scores of these four 
clusters.



GMMHouse Segmentation

We also run GMM to detect clusters and compare its work to K-Means’ one.



GMMHouse Segmentation

We also run GMM to detect clusters and compare its work to K-Means’ one.

⟶ K-Means (K=4) performed better than GMM at dividing this block of 885 samples 
into three well-balanced and interpretable market tiers.



Spectral ClusteringHouse Segmentation

To assure if K-Means with k=4 is the best strategy, we run the last model.



Spectral ClusteringHouse Segmentation

To assure if K-Means with k=4 is the best strategy, we run the last model.



Spectral ClusteringHouse Segmentation

Compare Spectral’s output to K-Means’:



Spectral ClusteringHouse Segmentation

Compare Spectral’s output to K-Means’:

Silhouette of Spectral proves it better than K-Means? ⟶ What should be the ultimate model?



Ultimate model: K-MeansHouse Segmentation

We ultimately select K-Means with k=4 as the most appropriate model.

Business-Driven Clustering Strategy

• Project Objective: The goal was not merely to discover data structure, but to leverage that structure to create Price Differentiation in the 

subsequent predictive model.

• Limitation of Spectral/HDBSCAN: Both algorithms consolidated the majority of samples (914) into a single Mainstream Block.

• Business Requirement: "We need to divide that block of 914 samples into three distinct tiers: Upper, Mid, and Starter."

• K-Means Advantage: While K-Means may not identify small niche clusters as precisely, it possesses the crucial characteristic of forcing 

data partition into K relatively well-balanced clusters.

• Result: K-Means (K=4) was the only model that produced four well-balanced segments (Tier 1, 2, 3, 4), providing the necessary 

separation for price differentiation and predictive modeling purposes.



Segment ProfilingHouse Segmentation

We use some representative features which can be used to appraise houses and label houses 
based on the mean of these following features:



Segment ProfilingHouse Segmentation

Below are official identifications of each Cluster:

Cluster 1 (Premium Luxury, 37.4% of market):
• Nature: New, High-Quality Homes
• Characteristics: Houses built after 2015, largest size 

(TotalSF=3046), and best quality (OverallQual=7.36)
Cluster 2 (Large Standard / Renovated, 26.4% of market):
• Nature: Large, Old but Well-Maintained Homes
• Characteristics: Large size (TotalSF=2638), but high age (51 

years). Average quality (OverallQual=5.8), but high fireplace rate 
(0.84). This group typically represents old but spacious homes

Cluster 0 (Standard / Mid-Value, 31.2% of market):
• Nature: Standard, Older Homes
• Characteristics: Smaller size (TotalSF=1903), lower quality 

(OverallQual=5.0), high age (52 years). This is the most standard 
segment

Cluster 3 (Budget / Starter, 5.0% of market):
• Nature: Lowest Value and Oldest Group
• Characteristics: Lowest value ($100k), highest age (64 years), no 

garage (GarageCars=0). This segment is clearly separated due 
to lack of basic amenities



Blending Model 
with Profiling Data

House Segmentation

Before finding the best blending model, we apply One-hot Encoding on the Cluster column with 0,1,2,3.
If not, the model understands that House with cluster 3 is more important than those of 2,1,0.
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Blending Model 
with Profiling Data

House Segmentation

Before finding the best blending model, we apply One-hot Encoding on the Cluster column with 0,1,2,3.
If not, the model understands that House with cluster 3 is more important than those of 2,1,0.



Blending Model 
with Profiling Data

House Segmentation

Because the data now has some columns created by OHE on Cluster types.
⟶ find again the most appropriate weight between XGBoost and Ridge.
⟶ 0.81*XGBoost + 0.19*Ridge is no longer valid.



Blending Model 
with Profiling Data

House Segmentation

Because the data now has some columns created by OHE on Cluster types.
⟶ find again the most appropriate weight between XGBoost and Ridge.
⟶ 0.81*XGBoost + 0.19*Ridge is no longer valid.

0.44*XGBoost + 0.56*RidgeNew blending model:



Blending Model 
with Profiling Data

House Segmentation

Because we split internal train set into some folds for finding the best weight of the blending mode.
⟶ Deploy this mode on the whole train dataset.



Blending Model 
with Profiling Data

House Segmentation

Because we split internal train set into some folds for finding the best weight of the blending mode.
⟶ Deploy this mode on the whole train dataset.



Blending Model 
with Profiling Data

House Segmentation

To move on the final blending model on the test set.
We must deploy some preprocessing pipelines (which applied on train set formerly) on the test set in order to 
make them aligned each other.



Blending Model 
with Profiling Data

House Segmentation

Below is the prediction of House Price on Test set:



Blending Model 
with Profiling Data

House Segmentation

We compare the current results to previous one which are generated by blending model of the un-profiled data (baseline)



Blending Model 
with Profiling Data

House Segmentation

Quick descriptive statistics between two models:



Model ComparisonHouse Segmentation

Quick descriptive statistics between two models:
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