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Comprehensive Report on Housing Price Dataset
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Introduction

Real estate markets are a cornerstone of modern economies, influencing everything from personal wealth
building to municipal tax revenues. Housing prices, in particular, serve as an important barometer of economic
health and local development patterns. Whether buying, selling, or investing, accurate assessments of home
values guide critical financial decisions for homeowners, lenders, and policymakers alike.

This report dives into a detailed analysis of a housing dataset containing information on over 21,613
properties, each described by 20 features ranging from structural characteristics (e.g., square footage,
number of bedrooms and bathrooms) to situational factors (e.g., waterfront location, neighborhood size
metrics). By understanding which features most strongly predict house prices, real estate professionals and
data scientists can build models that improve listing accuracy, optimize renovation budgets, and guide
strategic investments.

Motivation

1. Pricing Accuracy: In real estate, pricing a property too high can lead to extended time on the market,
while pricing too low diminishes the seller’s potential profit. Data-driven models help strike the right
balance by analyzing historical transactions and feature-level influences.

2. Investment and Valuation: Real estate investors rely on robust valuation models to identify
undervalued properties, forecast returns on renovations, and manage risk. Accurately predicting resale
or rental income is critical to a successful real estate portfolio.

3. Urban Planning & Policy: Local governments often leverage housing data to set property tax rates,
plan infrastructure, and design affordable housing initiatives. Understanding how location, condition,
and neighborhood factors drive pricing can inform equitable housing policies.
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4. Homeowner Guidance: Prospective homebuyers and sellers benefit from understanding how features
like property size, age, or renovation history might affect market value, enabling more informed
decisions about which home to buy or how to prepare a property for sale.

Context

The real estate sector is highly heterogeneous. Properties can vary widely in architectural style, lot size,
structural quality, age, and neighborhood context. For instance:

* Waterfront homes represent a niche market, often commanding a significant price premium.

* Renovated properties may have superior condition and updated features—kitchens, bathrooms, roofs
—that attract higher offers.

* Lot size and living area heavily influence perceived spaciousness and overall property utility.

* Location-based factors such as average neighborhood square footage, quality of nearby schools, and
proximity to commercial centers can all play into pricing.

In this dataset, the price of homes spans from $75,000 to $7.7 million, signifying an extremely broad market
range, from modest starter homes to large estates or luxury properties. Additionally, certain extreme values
(e.g., a house with 33 bedrooms) may represent data anomalies or unique niche properties and must be
interpreted with caution.

Data Overview

* Dataset Size: 21,613 entries, 20 columns
* Data Types:
© 16 integer columns
© 4 float columns
* Missing Values: None (the dataset is complete)
¢ Key Statistics:
o Price (Target Variable): Ranges from $75K to $7.7M, with a mean of $540K.
© Living Area (sqft): Ranges from 290 sqft to 13,540 sqft, with a mean of ~2,080 sqft.
© Bedrooms: A maximum of 33, with a mean of ~3.37 bedrooms. This upper extreme may be an
outlier.
© Waterfront Homes: Less than 1% of homes have waterfront views.
© Renovations: Approximately 4.2% of properties have undergone renovations.

Such a large dataset provides ample material for detecting trends and building predictive models. The
absence of missing values simplifies data cleaning, though the wide range of values necessitates careful
handling of outliers and skewed distributions.

Feature Distributions Insights

Using histograms and density plots (see figure below), we can assess how each feature is distributed:
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Feature Distributions
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1. Bedrooms & Bathrooms

© Most homes have 3-4 bedrooms and 1-2.5 bathrooms.
© An extreme case exists with 33 bedrooms, likely a rare property (or potential data error).

2. Square Footage

o Living Area: Right-skewed; although the mean is ~2,080 sqft, the majority of properties cluster
below 3,000 sqft, with a tail extending toward very large homes (10,000+ sqft).

© Lot Size: Highly skewed; certain properties span well over 1 million sqgft, indicating either rural
estates or potential commercial lots.

3. Floors

© Predominantly 1-2 floors, consistent with common single-family residential properties.
© A small proportion have more than 2 floors (e.g., 3-story homes, split-level designs).

4. Waterfront & Renovation

© Waterfront: Less than 1% have a waterfront, highlighting these as specialized premium listings.
© Renovations: Only around 4.2% show recent renovations, suggesting most homes might be in
their original or older condition.
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5. Grade & Condition

© Most homes fall within average grades (around 7) and condition levels (3-4).
© These are typically subjective but standardized assessments: higher grades reflect better building
materials and design, while condition refers to maintenance levels.

6. Basement

o Many properties have 0 sqft of basement space, reflecting homes built on slabs or in regions
where basements are uncommon.

© Some large basements (>3,000 sqft) appear as outliers for expansive or luxurious properties.

7. Neighborhood Features

© Variables like avg_nbhd_sqft_living15 (average neighborhood living area) show a moderate
distribution, often tied to location and local real estate trends.

© Neighborhood metrics can help capture the “location effect,” which is frequently one of the
biggest price drivers.

Overall, we see significant skewness in lot size and certain property-related metrics. This is unsurprising in real

estate, where luxury estates and specialized properties can create long tails. Transformations (e.g., log scale)
might be beneficial in modeling.

Correlation Analysis Insights

To uncover which features most influence the target variable (price), we examine a correlation matrix:
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1. Key Positive Correlations with Price

o sqft_living (0.70): The amount of finished living space is the strongest predictor of value.
grade (0.67): Higher-quality construction and finishes correlate strongly with higher prices.
sqft_above (0.61): Above-ground living space also matters; below-ground space (basement)
generally holds slightly less value.

bathrooms (0.53) and bedrooms (0.31): Additional bathrooms and bedrooms can increase
property value, though the effect for bedrooms is weaker.

waterfront (0.27): Waterfront properties command a premium, albeit present in a small fraction
of the data.

2. Neighborhood Influence

© avg_nbhd_sqft_living15 (0.58): Houses located in neighborhoods with larger average living
areas (often higher-income areas) tend to be more expensive.

3. Weak/Negative Correlations
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o sqft_lot: Surprisingly weak correlation, suggesting lot size alone may not drive prices unless
paired with other desirability factors.

© built_since (derived metric indicating how recently built/renovated): Slight negative correlation;
typically newer or more recently updated homes have higher prices, but the correlation is not as
strong as living area or grade.

Given these findings, structural factors like sqft_living, grade, and bathrooms are top priorities in predictive
modeling. Neighborhood context also shows meaningful influence, underscoring that “location, location,

location” remains a fundamental principle in real estate.

Feature Relationships Insights

To visually confirm the strength of key correlations, we plot scatter plots for selected features (e.g.,
sqft_living, grade, bathrooms, sqft_above, and avg_nbhd_sqft_living15) against price:

1. sqft_living vs. Price

© Strong positive trend: as living area increases, price increases.
o Several high-value outliers with living areas over 10,000 sqft pushing prices beyond $3M.

2. grade vs. Price

o Clear positive relationship. Better building grade correlates with a steeper price climb.
© High-grade homes can command exponentially higher values, especially if combined with large
square footage.

3. bathrooms vs. Price

o More bathrooms generally lead to higher prices, though the effect levels off beyond 4-5
bathrooms.
© Some outliers with 6+ bathrooms exist in luxury properties.

4. sqft_above vs. Price

© Mirrors the sqft_living trend because above-ground space is typically the most valued.
© Large outliers also present here, consistent with high-end homes.

5. avg_nbhd_sqft_living15 vs. Price

© Higher neighborhood averages correlate with higher property prices, reflecting the
“neighborhood effect.”
© This indicates potential synergy between location desirability and house-specific characteristics.

Outlier Detection Insights

Boxplots highlight properties with extreme values:
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Boxplot of bedrooms
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Boxplot of sqft lot
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Boxplot of sqft_above
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Boxplot of sgft basement
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Boxplot of avg nbhd sqgft livingl5
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Boxplot of avg nbhd sqft lotl5
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Boxplot of price
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1. Bedrooms

© Properties with 10+ bedrooms (especially the extreme 33 bedrooms) are notable outliers. These
could be group homes, mansions, or incorrectly recorded data.

2. Bathrooms
o Some listings have 6-8 bathrooms, consistent with luxury estates.
3. Square Footage

o Living Area: Outliers above 8,000 sqft, especially beyond 10,000 sqft.
© Lot Size: Extremely large lots over 1M sqft (e.g., farmland, multi-lot estates, or potential
commercial land).

4. Price

© Most properties cluster under $2M. A minority push into multi-million dollar territory, up to
$7.7M.

5. Basement

© Large basements exceeding 3,000 sqft also appear as outliers, though these may be legitimate
for high-end homes.
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Handling outliers is crucial for model stability. Options include removing them if they represent less than 1%
of the dataset or transforming features (e.g., log-transform for sqft_lot or price). Tree-based models
inherently manage some outlier issues, but linear models are more sensitive.

Key Insights Summary

1. Strong Predictors of Price

o sqft_living, grade, sqft_above, bathrooms, and avg_nbhd_sqft_living15 stand out as top
contributors.

2. Neighborhood Influence

© Where the property is located (reflected by neighborhood living area averages) significantly
impacts valuations.

3. Presence of Outliers

© Extreme values for lot size, bedrooms, and basement area may reflect unique luxury or
specialized properties.

© These outliers can inflate mean values and skew regression models.

4. Potential Feature Engineering

© Price per square foot and interaction terms (e.g., grade x sqft_living) could capture more
nuanced effects.

© Log transformations for highly skewed features may improve model performance.

Recommendations for Predictive Modeling
Preprocessing
1. Feature Scaling

o Standardization or normalization for continuous predictors (e.g., living area, lot size) often
helps linear models converge.

© Log transforms of skewed features (e.g., price, sqft_lot) can reduce the influence of large
outliers.

2. Outlier Treatment

© Consider capping extremely large values (e.g., above the 99th percentile) if they represent <1%
of data.

© For advanced algorithms like Random Forest or Gradient Boosting, outlier removal may be
optional, as these algorithms manage outliers more gracefully.

3. Feature Engineering

© Price per sqft: A common real estate metric.
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o Interaction Terms: For example, grade x sqft_living to capture how quality multiplies area
impact.

© Temporal Variables (if available): In some datasets, sale dates or seasonality can influence price.

o Categorical Encodings: If features like zipcode or condition categories are available, consider
one-hot or target encoding.

Modeling Approaches
1. Baseline Model:
o Linear Regression to establish a simple benchmark and interpret feature coefficients.
2. Regularized Linear Models:

o Ridge Regression (L2 penalty) or Lasso Regression (L1 penalty) to manage multicollinearity and
reduce the risk of overfitting. Lasso also performs feature selection by shrinking coefficients of
less informative variables to zero.

3. Polynomial Regression:

© Capture non-linear relationships, especially relevant for features like living area and grade,
although this can quickly increase model complexity.

4. Tree-Based Methods:

© Random Forest, Gradient Boosting, XGBoost, CatBoost, or LightGBM handle non-linearities
and interactions well, often delivering high accuracy.
© Feature importances from these models can confirm or refine which predictors matter most.

5. Neural Networks:

© Potentially useful for large datasets, but not always necessary if tree-based models already yield
strong performance.

Model Evaluation
1. Metrics:

© RMSE (Root Mean Squared Error): Emphasizes large errors (typical for price prediction).

© MAE (Mean Absolute Error): More robust to outliers, straightforward interpretation in dollars.

o R? (Coefficient of Determination): Indicates how much variance in price is explained by the
model.

2. Cross-Validation:

o k-Fold Cross-Validation or repeated random splits to ensure the model’'s generalizability.
© Watch for data leakage or any temporal data splits if there is a time component.

3. Hyperparameter Tuning:

© For advanced models (e.g., XGBoost), use Grid Search or Randomized Search with cross-
validation to find optimal parameters.

171718



data_report.md 2025-02-23

Conclusion

This real estate dataset offers a comprehensive look into the drivers of housing prices, from physical
characteristics (square footage, grade, number of bathrooms) to location-based factors (average
neighborhood living area, waterfront access). The primary takeaways are:

* Square footage and grade exhibit a strong positive correlation with housing prices, reflecting core real
estate fundamentals: bigger properties and better finishes typically command higher values.

* Neighborhood context underscores that location exerts a substantial impact on property valuation.

* Outliers (e.g., extremely large or expensive homes) can skew model results if not handled carefully.

* A range of modeling techniques—from linear to advanced tree-based methods—can be employed to
predict prices, but all will benefit from thoughtful feature engineering and preprocessing.

By applying the recommendations outlined in this report—particularly around outlier management, feature
selection, and robust model evaluation—users can develop accurate, reliable pricing models. These models
can significantly benefit real estate professionals, investors, and local governments seeking data-driven
insights into property values in the studied region.
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