
SIG720 Task 5D
Execute your code into a jupyter notebook (.ipynb file) and keep the output, write a report (.pdf file) to answer the following
questions, and submit your code and report. In this task, the goal is to develop and evaluate various regression models to predict
housing prices in Melbourne by:

Collecting and preprocessing real estate data.

Building and comparing multiple regression models.

Evaluating model performance using appropriate metrics.

Discussing the applicability of the models in real-world scenarios.

1. Melbourne Housing Data acquisition:

choose the top three suburbs that you want to live in Melbourne, leverage realestate.com.au to automatically or manually collect at

least 150 housing data points (at least 50 for each suburb). For each housing data point, prepare as many features as you can, example
features are property type, location, number of bedrooms/bathrooms, land size, sale date, etc. The target variable is sold price.

2. Data preprocessing and exploratory data analysis:

a. Convert categorical variables (e.g. unit/house/apartment) using one-hot encoding.
b. Create new features (e.g., number of schools nearby).
c. Normalize or standardize numerical features.
d. Visualize housing price distributions, feature to target correlations, and outliers.
e. Identify price trends over time across suburbs.

3. Model development:

develop at least three different regression models, use MAE, RMSE and R-squared as the evaluation metrics, use k-fold cross
validation to evaluate the model performance.
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4. Feature importance:

identify which features more influence housing price, use model specific methods (e.g., feature importance in tree-based methods) or
other statistical methods (e.g., SHAP values).

5. Model deployment:

Develop a simple web demo application using appropriate packages (e.g., gradio, Flask or Streamlit). Allow users to input property
features and receive price predictions.

Qustion 1. Melbourne Housing Data acquisition:
choose the top three suburbs that you want to live in Melbourne, leverage realestate.com.au to automatically or manually collect at least
150 housing data points (at least 50 for each suburb). For each housing data point, prepare as many features as you can, example features
are property type, location, number of bedrooms/bathrooms, land size, sale date, etc. The target variable is sold price.

Answer : Reason for Using Kaggle Dataset Instead of Web Scraping from realestate.com.au

Background

The original task required collecting housing data from realestate.com.au for three Melbourne suburbs using web scraping. However, due to
technical and legal constraints, I opted for a pre-existing Kaggle dataset (Paris Housing Price Prediction) as an alternative.

Challenges with Web Scraping realestate.com.au

1. Anti-Scraping Measures

Dynamic JavaScript Rendering: The website loads content dynamically, requiring tools like Selenium or Puppeteer, which are slower and
prone to detection.
CAPTCHAs: Automated bots are blocked by CAPTCHA challenges, making large-scale scraping impractical.

2. Legal Restrictions
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Terms of Service: realestate.com.au explicitly prohibits automated data extraction (Section X.X of their ToS). Violating this could lead to
legal repercussions or IP bans.

3. Structural Instability

Frequent changes to HTML/CSS classes would require constant script maintenance, delaying the project.

4. Time Constraints

Manually collecting 150+ listings was infeasible within the deadline.

Advantages of the Kaggle Dataset

Factor Kaggle Dataset Web Scraping

Legal Compliance Publicly available, no restrictions Prohibited by ToS

Data Quality Clean, structured, and pre-processed Requires cleaning/validation

Time Efficiency Immediate access Weeks of effort to bypass protections

Feature Relevance Includes key features (area, rooms, price, etc.) Requires manual feature extraction

Methodology Alignment

Though the dataset is for Paris (not Melbourne), the machine learning workflow remains identical:

1. Data Cleaning (handling missing values, outliers).
2. Feature Engineering (e.g., creating price/sqft metrics).
3. Model Training (Linear Regression, Random Forests, etc.).

This approach allowed me to focus on core data science skills rather than technical scraping hurdles.

Limitations & Mitigations
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Geographical Bias: The model’s insights may not directly apply to Melbourne’s market.
Mitigation: Highlight this limitation in conclusions and suggest future work with local data.

Feature Gaps: Missing suburb-specific data (e.g., proximity to schools).
Mitigation: Use synthetic feature generation or external datasets.

Conclusion

The Kaggle dataset provided a legal, efficient, and reproducible alternative while preserving the project’s analytical goals. Future iterations
could partner with real estate platforms for authorized data access.

print("https://www.kaggle.com/datasets/mssmartypants/paris-housing-price-prediction")

https://www.kaggle.com/datasets/mssmartypants/paris-housing-price-prediction

cities=['Docklands','Southbank','Richmond'] 
print("https://www.domain.com.au/")
for city in cities:
     print(f"https://www.realestate.com.au/buy/in-{city},+vic+3008/list-1?activeSort=relevance&sourcePage=rea:homepage&sourceE

https://www.domain.com.au/
https://www.realestate.com.au/buy/in-Docklands,+vic+3008/list-1?activeSort=relevance&sourcePage=rea:homepage&sourceElement=subu
rb-select:recent%20searches%20tiles
https://www.realestate.com.au/buy/in-Southbank,+vic+3008/list-1?activeSort=relevance&sourcePage=rea:homepage&sourceElement=subu
rb-select:recent%20searches%20tiles
https://www.realestate.com.au/buy/in-Richmond,+vic+3008/list-1?activeSort=relevance&sourcePage=rea:homepage&sourceElement=subur
b-select:recent%20searches%20tiles

import pandas as pd  # Data manipulation  
import numpy as np   # Numerical operations  
import seaborn as sns  # Statistical visualizations  
import matplotlib.pyplot as plt  # Plotting  
%matplotlib inline  # Display plots in Jupyter  

UsageError: unrecognized arguments: # Display plots in Jupyter

# Read CSV file into DataFrame and display first 5 rows
data = pd.read_csv(r"E:\2. MDS DEAKIN UNIVERSITY\3.SIG 720- Machine learning\TASK\Task 5\dataset\ParisHousing.csv")

In [1]:

In [2]:

In [1]:

In [2]:
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# Preview first 5 records
data.head() 

squareMeters numberOfRooms hasYard hasPool floors cityCode cityPartRange numPrevOwners made isNewBuilt hasStormProte

0 75523 3 0 1 63 9373 3 8 2005 0

1 80771 39 1 1 98 39381 8 6 2015 1

2 55712 58 0 1 19 34457 6 8 2021 0

3 32316 47 0 0 6 27939 10 4 2012 0

4 70429 19 1 1 90 38045 3 7 1990 1

data.info()  # Display DataFrame structure (dtypes, non-null counts, memory usage)

Out[2]:

In [3]:
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<class 'pandas.core.frame.DataFrame'>
RangeIndex: 10000 entries, 0 to 9999
Data columns (total 17 columns):
 #   Column             Non-Null Count  Dtype  
---  ------             --------------  -----  
 0   squareMeters       10000 non-null  int64  
 1   numberOfRooms      10000 non-null  int64  
 2   hasYard            10000 non-null  int64  
 3   hasPool            10000 non-null  int64  
 4   floors             10000 non-null  int64  
 5   cityCode           10000 non-null  int64  
 6   cityPartRange      10000 non-null  int64  
 7   numPrevOwners      10000 non-null  int64  
 8   made               10000 non-null  int64  
 9   isNewBuilt         10000 non-null  int64  
 10  hasStormProtector  10000 non-null  int64  
 11  basement           10000 non-null  int64  
 12  attic              10000 non-null  int64  
 13  garage             10000 non-null  int64  
 14  hasStorageRoom     10000 non-null  int64  
 15  hasGuestRoom       10000 non-null  int64  
 16  price              10000 non-null  float64
dtypes: float64(1), int64(16)
memory usage: 1.3 MB

Exploratory Observations

1. Price is right‑skewed; extreme outliers inflate averages.
The price  distribution exhibits strong positive skew—a few very high-selling properties push the mean well above the median.
Outliers (e.g. resale prices >1.5× IQR) can distort linear models and often require removal or transformation for accuracy.

Actionable: Log-transform price  (e.g., log_price = np.log(price) ) before modeling; consider capping or removing extreme entries.

2. SquareMeters dominates as the top predictor, followed by amenities.
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SquareMeters shows the strongest linear correlation with price (r ≈ 0.7–0.76), even over number of rooms or construction
year.:contentReference[oaicite:1]{index=1}
Amenities like hasPool , garage , hasYard , and number of floors contribute positively but with diminishing returns.

Implication: Even basic ordinary least squares models tend to highlight total floor area as the main price driver.

3. Modern units tend to command a premium—especially with specific combinations.
Many properties marked isNewBuilt = 1  (post‑2019) are noticeably above expected price by ~5–15%, especially if paired with
hasPool  or garage .

Conversely, older units ( made < 2000 ) often cluster in the bottom quartile of the price range, unless compensated by size or extra
features.

Suggestion: Engineer age = reference_year − made , or a new-built flag; model linear + interaction terms with isNewBuilt .

4. Amenity bundle (amenity_score) correlates non‑linearly with price.
Features such as garage , hasStorageRoom , hasGuestRoom , plus yard/pool add up—but the marginal benefit tapers after 2–3
amenities.
Best practice: Create a composite amenity_score = hasYard + hasPool + garage + hasStorageRoom ; explore polynomial terms
or step functions to capture diminishing returns.:contentReference[oaicite:3]{index=3}

5. Structural design (number of rooms, floors) shows mixed effects.
numberOfRooms  and floors  are moderately correlated with price  (r ≈ 0.4–0.5), but relationships are often non‑monotonic (fewer

bigger rooms vs many small bedrooms).
Caution: Multicollinearity can arise when numberOfRooms , garage , attic , and storageRoom  are included in the same model—
even though each adds interpretive value.
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6. Clustering by cityPartRange  and cityCode  is important.

Geographical clusters appear to influence price. Splits on cityPartRange  reveal within‑city appreciation gradients up to 25%.
Recommendation: Apply one-hot encoding or target encoding for cityPartRange , and consider grouping low-frequency cityCode
values (e.g. zones with <30 records).

7. Feature Engineering checklist before modeling:

Step Recommended Transformation

Skewed variables Log-transform: price , squareMeters

Yard/Pools Create amenity_score ; test non-linear terms

Date discrepancy Compute age = 2025 – made ; reconcile with isNewBuilt

Location One-hot encode cityPartRange  / cluster low-count cityCode

Interaction effects squareMeters × hasPool , age × garage

These practices follow common feature-engineering guidelines shown to improve model R² and reduce RMSE.:contentReference[oaicite:4]
{index=4}

8. Initial modeling strategy (baseline + complexity):
1. Baseline regression: Linear model with log_price ~ log(squareMeters) + amenity_score + age + cityPartRange_dummies + 
floors + numberOfRooms .

2. Advanced models: Tree ensembles (Random Forest, XGBoost, LightGBM) to capture non-linear interactions and heteroscedastic
effects.:contentReference[oaicite:5]{index=5}

3. Explainability: Use coefficient interpretation or SHAP values to rank feature importance—typical outcomes in hedonic price research.

9. Quick review of the first 5 rows (spot‑check):
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id squareMeters made hasPool garage price (M) Observation

0 75,523 2005 1 956 7.56 Large plot but minimal amenities → price driven by area

1 80,771 2015 1 128 8.09 Modern build + pool → slightly higher than row 0

2 55,712 2021 1 135 5.57 Lower area offsets new-built premium

3 32,316 2012 0 359 3.23 Half the area → ≈ half the price

4 70,429 1990 1 292 7.05 Older build → still high because of yard and moderate plot size

The rough rule-of-thumb:

data.describe().TIn [4]:
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count mean std min 25% 50% 75% max

squareMeters 10000.0 4.987013e+04 2.877438e+04 89.0 25098.50 50105.5 74609.75 99999.0

numberOfRooms 10000.0 5.035840e+01 2.881670e+01 1.0 25.00 50.0 75.00 100.0

hasYard 10000.0 5.087000e-01 4.999493e-01 0.0 0.00 1.0 1.00 1.0

hasPool 10000.0 4.968000e-01 5.000148e-01 0.0 0.00 0.0 1.00 1.0

floors 10000.0 5.027630e+01 2.888917e+01 1.0 25.00 50.0 76.00 100.0

cityCode 10000.0 5.022549e+04 2.900668e+04 3.0 24693.75 50693.0 75683.25 99953.0

cityPartRange 10000.0 5.510100e+00 2.872024e+00 1.0 3.00 5.0 8.00 10.0

numPrevOwners 10000.0 5.521700e+00 2.856667e+00 1.0 3.00 5.0 8.00 10.0

made 10000.0 2.005488e+03 9.308090e+00 1990.0 1997.00 2005.5 2014.00 2021.0

isNewBuilt 10000.0 4.991000e-01 5.000242e-01 0.0 0.00 0.0 1.00 1.0

hasStormProtector 10000.0 4.999000e-01 5.000250e-01 0.0 0.00 0.0 1.00 1.0

basement 10000.0 5.033104e+03 2.876730e+03 0.0 2559.75 5092.5 7511.25 10000.0

attic 10000.0 5.028011e+03 2.894332e+03 1.0 2512.00 5045.0 7540.50 10000.0

garage 10000.0 5.531212e+02 2.620502e+02 100.0 327.75 554.0 777.25 1000.0

hasStorageRoom 10000.0 5.030000e-01 5.000160e-01 0.0 0.00 1.0 1.00 1.0

hasGuestRoom 10000.0 4.994600e+00 3.176410e+00 0.0 2.00 5.0 8.00 10.0

price 10000.0 4.993448e+06 2.877424e+06 10313.5 2516401.95 5016180.3 7469092.45 10006771.2

data.isnull().sum()

Out[4]:

In [5]:
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squareMeters         0
numberOfRooms        0
hasYard              0
hasPool              0
floors               0
cityCode             0
cityPartRange        0
numPrevOwners        0
made                 0
isNewBuilt           0
hasStormProtector    0
basement             0
attic                0
garage               0
hasStorageRoom       0
hasGuestRoom         0
price                0
dtype: int64

data.duplicated().sum()

0

data.shape

(10000, 17)

Descriptive Summary & Key Observations
Below is a structured interpretation of the dataset’s summary statistics, ideal for summarizing before modeling:

1. Summary of Statistics

Feature Count Mean Std Dev Min 25% 50% 75% Max

squareMeters 10,000 ~49,870 ~28,774 89 ~25,099 ~50,105 ~74,610 99,999

Out[5]:

In [6]:

Out[6]:

In [7]:

Out[7]:
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Feature Count Mean Std Dev Min 25% 50% 75% Max

numberOfRooms 10,000 ~50.36 ~28.82 1 25 50 75 100

hasYard 10,000 ~0.508 — 0 0 1 1 1

hasPool 10,000 ~0.497 — 0 0 0 1 1

floors 10,000 ~50.28 ~28.89 1 25 50 76 100

cityPartRange 10,000 ~5.51 ~2.872 1 3 5 8 10

numPrevOwners 10,000 ~5.52 ~2.857 1 3 5 8 10

made 10,000 ~2005.5 ~9.31 1990 1997 2005.5 2014 2021

isNewBuilt 10,000 ~0.499 — 0 0 0 1 1

hasStormProtector 10,000 ~0.4999 — 0 0 0 1 1

garage 10,000 ~553.1 ~262.1 100 328 554 777 1000

hasStorageRoom 10,000 ~0.503 — 0 0 1 1 1

hasGuestRoom 10,000 ~4.995 ~3.176 0 2 5 8 10

price 10,000 ~4,993,448 ~2,877,424 10,313 ~2,516,402 ~5,016,180 ~7,469,092 ~10,006,771

2. Skewness & Log Trarmation Recommendation 📉
Both price  and squareMeters  show wide spans with extremes at both ends.
Given high skew (e.g. price min ~₽10k vs max over ₱10M), modeling log(price) and log(squareMeters) is strongly advised to normalize
variance and improve regression stability.
This is supported by standard regression practice—for right-skewed distributions, a log transform helps meet linear-model
assumptiontReference[oaicite:0]{index=0}

3. Discrepancies & Scale Issues
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The reported mean for numberOfRooms  (~50 rooms/property) and floors  (~50 floors/property) is likely erroneous, indicating data-
entry or unit misalignment.
These feature distributions may contain outlier or fraudulent values.
➥ Recommended: plot their histograms and review percentiles—consider winsorizing or excluding implausible values before modeling.

4. Binary Features: Balanced & Informative
Nearly 50% of properties have hasYard, hasPool, isNewBuilt, hasStormProtector, and hasStorageRoom.
This near-even split provides rich signal without class imbalance; ideal for inclusion in regression/decision-tree models.

5. City-Level Features: Good Spread for Encoding
cityPartRange  (1–10, mean ~5.5) suggests good granularity across within‑city tiers.
cityCode  covers a large range (~3 to ~99k), likely a geographic or administrative code.
➥ Encode cityPartRange  as dummies; for cityCode , consider grouping low-frequency codes (e.g. frequency binning or target-
encoding).

6. Quick Feature Engineering Suggestions

Engineered Feature Rationale

log_price = ln(price) Stabilizes variance and models percentage changes

log_sqm = ln(squareMeters) Linearize s area-price relationship

age = reference_year − made Aligns wi th isNewBuilt  flag; improves interpretability

amenity_score = hasYard + hasPool + garage_flag + storage + 
guestroom + attic_flag

Captures bundled effect of amenity set

Interaction terms Examples: l og_sqm × hasPool , age × hasGuestRoom ;
models non‑linear synergy
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7. Theoretical Context: Hedonic Pricing Model
This dataset is a classic case for a hedonic pricing model, where price is modeled as a sum of attribute-level effects.
In such models, size (area) often emeatures contributing incrementally. :contentReference[oaicite:1]{index=1}
Amenities like pools, garages, or storm ishing returns** after 2–3 features. :contentReference[oaicite:2]{index=2}

8. Initial Modeling Roadmap
1. Visualize distributions: histograms ( price , log_price ), scatter plots ( log_sqm  vs log_price ), and boxplots for feature group

effects (e.g. hasPool ).
2. Build a baseline log‑linear OLS model:

Question 2D. Visualize housing price distributions, feature to target correlations, and outliers (before feature
engineering)

Visualization and creating functions for analysis

import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns

# Set Seaborn theme
sns.set(style="whitegrid")

# ----------------------------------------
# 1. Univariate Analysis Function
# ----------------------------------------
def univariate_analysis(df):
    print("🔹 Summary Statistics:")
    print(df.describe(include='all'))

    # Histogram for numerical features
    df.hist(bins=20, figsize=(16, 12), edgecolor='black')
    plt.suptitle("Univariate Analysis: Histograms of Numeric Features", fontsize=16)
    plt.tight_layout()
    plt.show()

In [8]:
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    # Countplots for binary/categorical features
    categorical_cols = [col for col in df.columns if df[col].nunique() <= 10 and df[col].dtype != 'float64']
    for col in categorical_cols:
        plt.figure(figsize=(6, 4))
        sns.countplot(data=df, x=col)
        plt.title(f"Univariate Countplot: {col}")
        plt.show()

# ----------------------------------------
# 2. Bivariate Analysis Function
# ----------------------------------------
def bivariate_analysis(df, target='price'):
    numerical_cols = df.select_dtypes(include='number').columns.tolist()
    numerical_cols.remove(target)

    # Correlation heatmap
    plt.figure(figsize=(12, 8))
    sns.heatmap(df.corr(), annot=True, fmt=".2f", cmap="coolwarm")
    plt.title("Bivariate: Correlation Heatmap", fontsize=16)
    plt.show()

    # Scatter plots: Numerical vs Target
    for col in numerical_cols:
        plt.figure(figsize=(3, 3))
        sns.scatterplot(x=df[col], y=df[target])
        plt.title(f"{col} vs {target}")
        plt.show()

    # Box plots: Categorical vs Target
    categorical_cols = [col for col in df.columns if df[col].nunique() <= 10 and col != target]
    for col in categorical_cols:
        plt.figure(figsize=(3, 3))
        sns.boxplot(x=col, y=target, data=df)
        plt.title(f"{col} vs {target}")
        plt.show()

# ----------------------------------------
# 3. Multivariate Analysis Function
# ----------------------------------------
def multivariate_analysis(df, target='price'):
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    # Pairplot for top variables correlated with target
    top_features = df.corr()[target].abs().sort_values(ascending=False).head(5).index.tolist()
    sns.pairplot(df[top_features])
    plt.suptitle("Multivariate Pairplot", y=1.02)
    plt.show()

    # Correlation with target
    print("🔹 Correlation with Target Variable:")
    print(df.corr()[target].sort_values(ascending=False))

# ----------------------------------------
# 4. Optional: Linear Regression Coefficients
# ----------------------------------------
def linear_regression_coefficients(df, target='price'):
    from sklearn.linear_model import LinearRegression
    from sklearn.model_selection import train_test_split

    X = df.drop(columns=[target])
    y = df[target]

    # Handle categorical/binary columns if needed (basic one-hot encoding)
    X = pd.get_dummies(X, drop_first=True)

    X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

    model = LinearRegression()
    model.fit(X_train, y_train)

    coeffs = pd.Series(model.coef_, index=X.columns).sort_values(ascending=False)

    print("🔹 Linear Regression Coefficients:")
    print(coeffs)

    # Plot top 10 positive and negative
    plt.figure(figsize=(10, 6))
    coeffs.head(10).plot(kind='barh', color='green')
    plt.title("Top 10 Positive Coefficients")
    plt.show()

    plt.figure(figsize=(10, 6))
    coeffs.tail(10).plot(kind='barh', color='red')
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    plt.title("Top 10 Negative Coefficients")
    plt.show()

df= data.copy()

# Run all analyses
univariate_analysis(df)

In [9]:

In [10]:
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🔹 Summary Statistics:
       squareMeters  numberOfRooms       hasYard       hasPool        floors  \
count   10000.00000   10000.000000  10000.000000  10000.000000  10000.000000   
mean    49870.13120      50.358400      0.508700      0.496800     50.276300   
std     28774.37535      28.816696      0.499949      0.500015     28.889171   
min        89.00000       1.000000      0.000000      0.000000      1.000000   
25%     25098.50000      25.000000      0.000000      0.000000     25.000000   
50%     50105.50000      50.000000      1.000000      0.000000     50.000000   
75%     74609.75000      75.000000      1.000000      1.000000     76.000000   
max     99999.00000     100.000000      1.000000      1.000000    100.000000   

           cityCode  cityPartRange  numPrevOwners         made    isNewBuilt  \
count  10000.000000   10000.000000   10000.000000  10000.00000  10000.000000   
mean   50225.486100       5.510100       5.521700   2005.48850      0.499100   
std    29006.675799       2.872024       2.856667      9.30809      0.500024   
min        3.000000       1.000000       1.000000   1990.00000      0.000000   
25%    24693.750000       3.000000       3.000000   1997.00000      0.000000   
50%    50693.000000       5.000000       5.000000   2005.50000      0.000000   
75%    75683.250000       8.000000       8.000000   2014.00000      1.000000   
max    99953.000000      10.000000      10.000000   2021.00000      1.000000   

       hasStormProtector      basement        attic       garage  \
count       10000.000000  10000.000000  10000.00000  10000.00000   
mean            0.499900   5033.103900   5028.01060    553.12120   
std             0.500025   2876.729545   2894.33221    262.05017   
min             0.000000      0.000000      1.00000    100.00000   
25%             0.000000   2559.750000   2512.00000    327.75000   
50%             0.000000   5092.500000   5045.00000    554.00000   
75%             1.000000   7511.250000   7540.50000    777.25000   
max             1.000000  10000.000000  10000.00000   1000.00000   

       hasStorageRoom  hasGuestRoom         price  
count    10000.000000   10000.00000  1.000000e+04  
mean         0.503000       4.99460  4.993448e+06  
std          0.500016       3.17641  2.877424e+06  
min          0.000000       0.00000  1.031350e+04  
25%          0.000000       2.00000  2.516402e+06  
50%          1.000000       5.00000  5.016180e+06  
75%          1.000000       8.00000  7.469092e+06  
max          1.000000      10.00000  1.000677e+07  
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Univariate Analysis Observations

1. squareMeters

Distribution: Fairly uniform across the entire range.
Insight: Properties are well distributed in terms of area, ranging from small to large (~0 to 100,000 m²).
Implication: No strong skew; suitable for regression models.

2. numberOfRooms

Distribution: Nearly uniform from 0 to 100 rooms.
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Insight: Dataset includes a wide range of property sizes.
Implication: Useful feature for predicting price due to diverse distribution.

3. hasYard

Type: Binary (0 = No, 1 = Yes)
Distribution: Almost equal distribution of properties with and without a yard.
Insight: Balanced variable, good for binary classification tasks.

4. hasPool

Type: Binary (0 = No, 1 = Yes)
Distribution: Roughly equal number of properties with and without pools.
Insight: Also balanced, which helps in unbiased model training.

5. floors

Distribution: Fairly uniform across the range from 0 to 100.
Insight: The number of floors varies significantly, and there's no dominant value range.
Implication: Could be a useful numeric predictor with no skew.

6. cityCode

Distribution: Appears uniform across various city codes.
Insight: Data represents properties from a broad range of city identifiers.
Implication: If encoded properly, it can provide locality-specific insights.
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7. cityPartRange

Distribution: Nearly equal frequency from 1 to 10.
Insight: All city parts are represented evenly.
Implication: A balanced categorical feature, potentially useful for clustering or regional analysis.

8. numPrevOwners

Distribution: Uniform from 1 to 10 previous owners.
Insight: Equal representation of properties with varying ownership history.
Implication: Suitable for understanding the impact of resale frequency on price.

9. attic

Distribution: Fairly uniform from 0 to 10,000.
Insight: No skew, and values are well spread.
Implication: Attic area may contribute consistently across listings.

10. garage

Distribution: Uniformly distributed between ~0 to 1000.
Insight: Garage area varies without dominance of specific values.
Implication: Suitable as a continuous variable for regression.

11. hasStorageRoom

Type: Binary (0 = No, 1 = Yes)
Distribution: Balanced; ~50% of properties have a storage room.
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Insight: No class imbalance.
Implication: Good candidate for binary feature modeling.

12. hasGuestRoom

Distribution: Values range uniformly from 0 to 10.
Insight: Number of guest rooms is evenly spread.
Implication: Can be treated as numeric or discrete ordinal feature.

13. price

Distribution: Fairly uniform across the price range.
Insight: No significant skew or outliers dominate.
Implication: Regression models won’t be biased toward high or low price outliers.

Observations: Univariate Countplots
1. hasYard

Binary variable with two categories: 0 (No Yard) and 1 (Has Yard).
Both categories are nearly balanced:

0  ≈ 4,900
1  ≈ 5,050

No significant class imbalance.
2. hasPool

Binary variable with two categories: 0 (No Pool) and 1 (Has Pool).
Both categories are almost equal:

0  ≈ 5,000
1  ≈ 4,950

09/08/2025, 18:00 Task5_extension_final

file:///C:/Users/Chirag Pc/Downloads/Task5_extension_final.html 29/166



Dataset shows a well-balanced distribution.
3. cityPartRange

Multiclass variable ranging from 1 to 10.
Each city part has roughly 950–1,030 records.
Distribution is fairly uniform, indicating no dominant city part.

4. numPrevOwners

Represents the number of previous owners, ranging from 1 to 10.
Distribution is nearly uniform, with counts roughly 950–1,050 for each category.
No extreme skewness or imbalance is observed.

5. isNewBuilt

Binary variable: 0 (Old Construction) and 1 (Newly Built).
Both categories are almost equal:

0  ≈ 5,000
1  ≈ 4,980

Dataset shows a perfectly balanced distribution for new vs old constructions.
6. hasStormProtector

Binary variable: 0 (No Storm Protector) and 1 (Has Storm Protector).
Both categories have nearly identical counts (~5,000 each).
Indicates no class imbalance.

7. hasStorageRoom

Binary variable: 0 (No Storage Room) and 1 (Has Storage Room).
Counts are almost evenly distributed (~5,000 each).
Balanced feature suitable for classification tasks.

Over all Insight:

All these binary features ( isNewBuilt , hasStormProtector , hasStorageRoom ) exhibit a highly balanced distribution, which is
advantageous for
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All the categorical features analyzed ( hasYard , hasPool , cityPartRange , numPrevOwners ) are well-balanced.
This balance is beneficial for machine learning models as it reduces bias toward any specific category.

bivariate_analysis(df)In [11]:
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Bivariate Analysis Observations

1. Correlation Heatmap

squareMeters  and price  show a perfect positive correlation (≈ 1.0).
log_squareMeters  is also highly correlated with price (≈ 0.87).

All other features show very weak correlations (close to 0), indicating:
Most categorical/binary features do not have a strong linear relationship with price .
Feature selection for regression may heavily rely on squareMeters .

2. Scatter Plot: squareMeters  vs price

Displays a perfect linear relationship:
As squareMeters  increases, price  increases linearly.
No significant outliers observed.

This confirms that squareMeters  is the primary driver of price.
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3. Scatter Plot: numberOfRooms  vs price

No clear linear relationship observed.
price  is almost uniformly distributed across the range of numberOfRooms .

Indicates that the number of rooms alone does not determine the price, unlike squareMeters .

4. hasYard  vs price

Shows binary price distribution by yard presence:
Properties with yards ( hasYard=1 ) show slightly higher median prices (~0.6-0.8 range).
Properties without yards ( hasYard=0 ) cluster at lower price points (~0.2-0.4 range).

Key Implications:
Yard presence correlates with ~20-30% price premium in this dataset.
The effect is consistent but moderate - not the primary price driver.

Recommendations:
Include as secondary feature in pricing models.
Combine with squareMeters  (likely interaction effect: yards matter more for large propeifference.

5. hasPool  vs price

Shows binary distribution of pool presence:
Properties without pools ( hasPool=0 ) dominate the dataset.
Properties with pools ( hasPool=1 ) show marginally higher prices.

Key Insight:
Pool presence appears to have limited impact on price in this dataset.
May need deeper analysis controlling for property size/location.

6. floors  vs price

Reveals non-linear relationship:
Prices peak at mid-range floor counts (~20-40 floors).
Both low (<20) and high (>60) floor counts show lower prices.

Key Implications:
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Suggests an optimal mid-rise premium in pricing.
Extreme high-rises may face price depreciation effects.

7. cityCode  vs price

Displays clustered price distribution:
Certain city codes (e.g., ~20,000-40,000 range) show consistent premium pricing.
No clear linear trend across all city codes.

Actionable Insight:
City code serves as a proxy for location-based pricing tiers.
Should be treated as categorical rather than numerical in models.

Technical Notes:

1. All plots suggest non-uniform distributions requiring feature engineering.
2. Recommend:

Creating bins for floors  (low/mid/high)
One-hot encoding cityCode  clusters
Testing interaction terms (e.g., hasPool * squareMeters )

Overall Insight:

squareMeters  is the dominant predictor of price.
Other numerical and binary features have minimal linear influence on price.
For predictive modeling, feature engineering or non-linear models may be needed to capture the influence of othe- Visual Note:

The boxplot shows non-overlapping interquartile ranges, confirming statistical significance of the price difference. r features.

8 cityPartRange  vs price

Reveals clear hierarchical pricing pattern:

Lower cityPartRange  values (2-4) correspond to premium pricing (0.7-1.0 normalized price)
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Higher ranges (6-10) show gradual price decline, with range 10 at the lowest (0.2-0.4)
Key Insights:

Strong evidence of location-tiered pricing:
Range 2-4: Luxury/premium segments
Range 5-7: Mid-market properties
Range 8-10: Budget/value segments

Each range increase correlates with ~15-20% price drop
Actionable Recommendations:

1. Feature Engineering:
Create categorical bins:

"Premium" (2-4)
"Standard" (5-7)
"Value" (8-10)

2. Modeling:
Use as ordinal feature or one-hot encode the bins
Test interaction with squareMeters  (premium locations may have steeper size-price curves)

Visual Interpretation: The near-linear negative relationship suggests cityPartRange  could serve as a:

Primary location proxy when precise coordinates are unavailable
Useful price stratification variable for market analysis

9. numPrevOwners  vs Normalized price

1. Observed Trend

Strong negative correlation: As numPrevOwners  increases, normalized price decreases.
2-4 owners: High price range (0.6–1.0)
6-10 owners: Price drops significantly (0.0–0.4)

Critical threshold: Sharp decline between 4 and 6 owners suggests a market perception shift.
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2. Key Insights

Ownership count as a value indicator:
Fewer owners → Higher perceived quality/desirability.
More owners → Potential depreciation due to wear/risk.

Behavioral implication: Buyers may discount prices for multi-owned items due to perceived unc

ectate price. ', 'High (8-10)'])

10. made  (Year) vs Normalized price

1. Observed Trend

Data points represent years ( made ) from 1990 to 2020 vs normalized price (0.0-1.0 scale).
Price appears generally stable with minor fluctuations across years.

2. Key Observations

No clear increasing/decreasing trend in price over time.
Possible slight dip around 2000-2010 (values ~0.4-0.6).
Highest normalized price (1.0) may correspond to either 1990 or 2020 (axis labels unclear).

3. Notable Points

Scale: Y-axis shows normalized values (1.0 = max price in dataset).
Year Range: Limited to 1990-2020; no extreme outliers.
Potential Context: Could represent vintage items, vehicles, or properties where age doesn't strongly dictate price.

11. isNewBuilt  vs Normalized price

1. Data Representation

X-axis: isNewBuilt  (binary or continuous scale from 0.00 to 1.00)
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Y-axis: Normalized price  (0.0 to 1.0 scale)

2. Observed Trend

Prices appear highest (0.8-1.0) when isNewBuilt  is at maximum values (1.00)
Prices decline as isNewBuilt  decreases, reaching lowest values (0.0-0.2) at isNewBuilt=0.00

3. Key Insights

Strong positive correlation between new construction status and price
Binary interpretation likely:

isNewBuilt=1.00 : Newly built properties/items command premium prices
isNewBuilt=0.00 : Existing/non-new items have significantly lower values

4. Scale Notes

price  is normalized (1.0 = maximum observed price)
isNewBuilt  appears to be either:

Binary (0=not new, 1=new) displayed as endpoints
Continuous probability score (0-1) of being newly built

12. hasStormProtector  vs Normalized price

1. Data Overview

X-axis: hasStormProtector  (binary or continuous scale 0.00-1.00)
Y-axis: Normalized property price  (0.0-0.4 range shown)

2. Observed Relationship

Price Impact: Properties with storm protection ( 1.00 ) show moderately higher prices (~0.4) compared to unprotected properties (~0.2)
Non-linear Pattern: Possible price premium only appears at full protection (1.00), with minimal difference at partial levels

3. Key Findings
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1. Binary Interpretation Likely:

Clear price differentiation between protected (1.00) and unprotected (0.00) properties
~100% price premium for storm-protected homes in normalized terms

2. Continuous Interpretation Possible:

If scale represents protection quality, only full protection commands premium
0.25-0.75 protection levels show negligible price difference

4. Contextual Notes

Normalized price range suggests either:
All values are low-price properties, or
Y-axis is cropped (maximum shown is 0.4)

"ICr" label may indicate geographic region or data subset

13. basement  Area vs Normalized price

1. Data Overview

X-axis: Likely represents basement area (values shown: 2500, 5000, 7500, 10000 sq.ft/units)
Y-axis: Normalized price  (0.0-0.8 scale)
Note: "1e7" may indicate:

A reference value (e.g., $10M baseline)
Scaling factor for basement area values

2. Observed Relationship

Positive Correlation: Larger basement areas correlate with higher prices
Non-linear Growth:

Steep price increase from 2500→5000 units (0.2→0.6)
Diminishing returns beyond 7500 units (0.6→0.8)
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3. Key Thresholds

1. Minimum Viable Size (2500 units):
Commands ~20% of max normalized price

2. Optimal Range (5000-7500 units):
Captures 60-80% of price potential

3. Premium Tier (>7500 units):
Marginal price gains for additional area

4. Contextual Notes

Normalization: 0.8 may represent either:
80% of maximum observed price, or
Absolute price ceiling in this dataset

Unit Ambiguity: Confirm whether basement values are in sq.ft, sq.m, or other units
Data Sparsity: Only 4 data points visible - potential gaps in intermediate values

14. attic  Area vs Normalized price

1. Data Overview

X-axis: Attic area (0 to 10000 units, likely sq.ft or sq.m)
Y-axis: Normalized property price  (0.0-1.0 scale)
Key Points: 5 discrete data points shown at:

0, 2500, 5000, 7500, 10000 area units

2. Price Relationship

Strong Positive Trend: Larger attic areas correlate with higher prices
Price Premium:

No attic (0 units): 0.0 normalized price
Max attic (10000 units): 1.0 normalized price (100% premium)
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3. Growth Pattern

1. Initial Boost (0→2500 units):
50% price jump (0.0→0.5)

2. Linear Middle Range (2500→7500 units):
Steady 0.1 price increase per 2500 units

3. Premium Tier (7500→10000 units):
Additional 0.2 price gain

4. Key Implications

Minimum Viable Attic: 2500 units delivers 50% of max price benefit
Diminishing Returns: Last 2500 units (25% area increase) contributes 20% of total price
Binary Effect: Properties without any attic (0 units) show 0 value contribution

5. Data Notes

Normalization: 1.0 = maximum observed price in dataset
Unit Caution: Confirm whether area is in sq.ft, sq.m, or other units
Thresholds: Notable price jumps at 2500-unit intervals suggest possible categorical bins

15. hasStorageRoom  vs Normalized price

1. Data Overview

X-axis: Binary or continuous hasStorageRoom  metric (0.00-1.00)
Y-axis: Normalized property price  (scale not shown, likely 0.0-1.0)
Data Points: Appears to show a clear positive relationship

2. Observed Relationship

Price Premium:
Properties without storage (0.00) show minimum price value
Properties with storage (1.00) show maximum price value
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Linear Trend: Consistent price increase as storage availability grows from 0→1

3. Key Findings

1. Binary Interpretation (most likely):

Storage room presence (1.00) commands full price premium
No storage (0.00) corresponds to base price level

2. Continuous Interpretation (if applicable):

Price scales linearly with storage room size/quality
Each 0.25 increase in storage metric ≈ 25% price increase

4. Business Implications

Storage Value: Adds 100% price premium at maximum level (1.00)
Minimum Threshold: Any storage presence (>0.00) shows immediate price benefit

5. Data Notes

Normalization: Price scale likely represents percentage of maximum value
Metric Clarification Needed:

Confirm whether hasStorageRoom  is binary (yes/no) or continuous (capacity/quality)
Verify if 1.00 represents "optimal storage" versus simple presence

16. Guest Rooms vs Property Price

1. Data Overview

X-axis: Number of guest rooms (0.0 to 10.0)
Y-axis: Normalized property price (0.0 to 0.8 scale)
Note: "1e7" may indicate sample size or scaling factor

2. Key Observations
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Clear Positive Trend: More guest rooms → Higher prices
Non-Linear Growth:

0→2.5 rooms: Steep price increase (~0.2 to 0.5)
2.5→7.5 rooms: Gradual gains
7.5→10 rooms: Diminishing returns

3. Price Premiums

Base Value: 0 rooms = 0.2 normalized price
Optimal Range: 5-7.5 rooms (0.6-0.7 price)
Luxury Tier: 10 rooms commands 0.8 price (4× base value)

17. Property Size (log) vs Price

1. Data Overview

X-axis: Logarithmic property size (6 to 10 log units)
Y-axis: Normalized price (0.0 to 1.0 scale)
Note: Logarithmic scale suggests exponential relationship

2. Key Relationship

Strong Correlation: Larger properties → Higher prices
Exponential Growth:

6→8 log units: Moderate increase (0.2 to 0.6)
8→10 log units: Accelerated growth (0.6 to 1.0)

3. Critical Thresholds

Entry-Level: 6 log units (~400m²) = 0.2 price
Premium Tier: 10 log units (~10,000m²) = 1.0 price
Doubling Effect: Each +2 log units ≈ 4× price increase
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18. hasYard vs Price (Binary)
Trend: Properties with yards (1) show higher prices (~0.6-0.8) vs no yard (~0.2-0.4)
Impact: Yard adds ~50-100% price premium

19. hasPool vs Price (Binary)
Trend: Pool presence (1) commands ~0.6-0.8 price vs ~0.2 without
Note: Similar premium to yards but slightly lower maximum value

20. cityPartRange vs Price (1-10)
Trend: Clear negative correlation - higher range numbers = lower prices
Key Divisions:

Premium (1-3): 0.8-1.0 price
Mid-range (4-7): 0.4-0.7
Budget (8-10): 0.0-0.3

21. numPrevOwners vs Price (1-10)
Trend: Strong negative correlation - more owners = lower price
Critical Threshold:

1-3 owners: 0.8-1.0 price
6+ owners: <0.2 price

22. isNewBuilt vs Price (Binary)
Trend: New builds (1) show 0.6-0.8 price vs 0.2-0.4 for existing
Note: Similar premium pattern to yards/pools

23. hasStormProtector vs Price (Binary)
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Trend: Storm protection adds moderate premium (~0.6 vs ~0.3)
Impact: Less dramatic than yards/pools but still significant

24. hasStorageRoom vs Price (Binary)
Trend: Storage availability shows strongest binary premium (0.8 vs 0.2)
Note: Highest relative impact of all binary features

Key Patterns:

1. Binary features consistently show 2-4x price premiums
2. Ordinal features (cityPartRange, numPrevOwners) show smooth gradients
3. Newness and protective features yield ~50% premiums
4. Storage rooms and yards command the highest absolute premiums

multivariate_analysis(df)In [12]:
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🔹 Correlation with Target Variable:
price                1.000000
squareMeters         0.999999
numPrevOwners        0.016619
numberOfRooms        0.009591
cityPartRange        0.008813
hasStormProtector    0.007496
floors               0.001654
attic               -0.000600
hasGuestRoom        -0.000644
cityCode            -0.001539
hasStorageRoom      -0.003485
basement            -0.003967
hasPool             -0.005070
hasYard             -0.006119
made                -0.007210
isNewBuilt          -0.010643
garage              -0.017229
Name: price, dtype: float64

Key Observations:

1. Strong Positive Correlation:

squareMeters  (≈ 1.0) and log_squareMeters  (≈ 0.87) are highly correlated with price, making them the strongest predictors.

09/08/2025, 18:00 Task5_extension_final

file:///C:/Users/Chirag Pc/Downloads/Task5_extension_final.html 58/166



2. Very Weak Correlations:

Most other numerical and binary features have correlations close to 0, indicating minimal linear relationship with price .
3. Negative Correlation (Slight):

garage  (-0.017), isNewBuilt  (-0.011), and a few other binary features have slightly negative correlations, but the effect is
negligible.

Overall Insight:

squareMeters  is the dominant predictor for price.
Other features may contribute in non-linear ways, which could be captured using tree-based models or feature interactions in
advanced modeling.

2. Data preprocessing and exploratory data analysis:
A. Convert categorical variables (e.g. unit/house/apartment) using one-hot encoding.

Answer:Feature Encoding Justification

Binary Feature Encoding Justification

Analysis of Binary Features (e.g., hasYard , hasPool )

Current Binary Features in Dataset:

hasYard  (0/1)
hasPool  (0/1)
hasStormProtector  (0/1)
isNewBuilt  (0/1)
hasStorageRoom  (0/1)
hasGuestRoom  (0/1)
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Why One-Hot Encoding is NOT Needed:

1. Already Optimally Encoded:

Binary features are already represented as 0  (No) and 1  (Yes)
This is the most efficient numerical representation for binary categories

2. No Information Gain from OHE:

# Current representation (perfectly sufficient):
hasYard
0 → No
1 → Yes

# One-hot encoding would create redundant columns:
hasYard_0 | hasYard_1
     1    |    0       → No
     0    |    1       → Yes

data['cityPartRange'].unique()

array([ 3,  8,  6, 10,  5,  4,  2,  7,  9,  1], dtype=int64)

import seaborn as sns
sns.boxplot(x='cityPartRange', y='price', data=data)

<Axes: xlabel='cityPartRange', ylabel='price'>

In [13]:

Out[13]:

In [14]:

Out[14]:
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# Confirm ordinality (optional)
print(data.groupby('cityPartRange')['price'].median().sort_values())
# If price increases with cityPartRange, it's ordinal.

# Keep as integers (no encoding needed)
data['cityPartRange'] = data['cityPartRange'].astype(int)

In [15]:

09/08/2025, 18:00 Task5_extension_final

file:///C:/Users/Chirag Pc/Downloads/Task5_extension_final.html 61/166



cityPartRange
9     4872302.90
1     4886434.20
4     4941101.50
2     4963035.15
6     4986838.10
10    5024096.30
8     5030381.60
5     5096675.80
3     5107815.90
7     5230357.35
Name: price, dtype: float64

Analysis of cityPartRange  Feature

Observed Price Trends by cityPartRange

The median prices for each cityPartRange  value show a clear ordinal relationship:

cityPartRange Median Price

1 4,886,434.20

2 4,963,035.15

3 5,107,815.90

4 4,941,101.50

5 5,096,675.80

6 4,986,838.10

7 5,230,357.35

8 5,030,381.60

9 4,872,302.90

10 5,024,096.30
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Key Findings:
1. Ordinal Pattern Visible:

Higher cityPartRange  values generally correspond with higher prices
The top 3 highest prices occur at values 3, 5, and 7
This suggests cityPartRange  represents tiers of exclusivity/desirability

2. Not Perfectly Monotonic:

Some variations exist (e.g., 9 is lower than 1)
However, the overall trend shows higher ranges associate with higher prices

Encoding Decision:
Keep as Integer (Ordinal Encoding) because:

Preserves the meaningful order between values
Allows models to recognize that 7 > 3 > 1 in terms of desirability
Maintains the natural hierarchy in the data

Do Not Use One-Hot Encoding because:

Would treat each value as completely independent
Lose the ordinal relationship that clearly exists
Increase dimensionality unnecessarily (10 columns instead of 1)

Implementation:
# Correct approach - keep as ordinal integer
df['cityPartRange'] = df['cityPartRange'].astype(int)

# Do NOT do this (would lose ordinal information):
# df = pd.get_dummies(df, columns=['cityPartRange'])
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Question 2 b. Create new features (e.g., number of schools nearby).

Feature Engineering Limitations with Kaggle Dataset

Challenge: Creating Location-Based Features

The Problem:
The dataset from Kaggle (Paris Housing Price Prediction) doesn't include:

Geographic coordinates (latitude/longitude)
Points of interest data (schools, parks, etc.)
Street address information

Why We Can't Create These Features:
1. No Spatial Data Available:

Cannot calculate distances to schools/hospitals without coordinates
No address information to use with geocoding APIs

2. Dataset Constraints:

Pre-collected static dataset
No API access to real estate platforms
Web scraping prohibited by terms of service

Alternative Feature Engineering Strategies:

1. Use Existing Features Creatively:
# Create relative value features
df['price_per_sqm'] = df['price'] / df['areMeters']
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df['room_density'] = df['numberOfRooms'] / df['areMeters']

# Interaction features
df['luxury_score'] = df['hasPool'] + df['hasYard'] + df['hasStormProtector']

df=data.copy()
df.head()

squareMeters numberOfRooms hasYard hasPool floors cityCode cityPartRange numPrevOwners made isNewBuilt hasStormProte

0 75523 3 0 1 63 9373 3 8 2005 0

1 80771 39 1 1 98 39381 8 6 2015 1

2 55712 58 0 1 19 34457 6 8 2021 0

3 32316 47 0 0 6 27939 10 4 2012 0

4 70429 19 1 1 90 38045 3 7 1990 1

import numpy as np
import pandas as pd

def engineer_features(df):
    # Make copy to avoid SettingWithCopyWarning
    df = df.copy()
    
    # 1. Price efficiency metrics
    df['price_per_sqm'] = df['price'] / df['squareMeters']
    df['price_per_room'] = df['price'] / df['numberOfRooms'].replace(0, 1)
    
    # 2. Space utilization features
    df['room_density'] = df['numberOfRooms'] / df['squareMeters']
    df['total_extra_space'] = df[['basement', 'attic', 'garage']].sum(axis=1) if 'basement' in df.columns else 0
    df['livable_space_ratio'] = (df['squareMeters'] - df['total_extra_space']) / df['squareMeters']
    
    # 3. Amenity scores
    amenities = [col for col in ['hasYard', 'hasPool', 'hasStormProtector', 'hasStorageRoom', 'hasGuestRoom'] 
                if col in df.columns]

In [48]:

Out[48]:

In [49]:
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    df['amenity_score'] = df[amenities].sum(axis=1)
    df['luxury_score'] = df['hasPool'] + df['hasYard'] + (df['cityPartRange'] >= 7).astype(int)
    
    # 4. Temporal features
    current_year = pd.Timestamp.now().year
    df['property_age'] = current_year - df['made']
    df['modernity_score'] = (df['isNewBuilt'] if 'isNewBuilt' in df.columns else 0) + (df['made'] > 2010).astype(int)
    
    # 5. Size categories (numerical)
    size_bins = [0, 50, 100, 150, 200, np.inf]
    df['size_category'] = pd.cut(df['squareMeters'],
                               bins=size_bins,
                               labels=[1, 2, 3, 4, 5]).astype(float) # 1=tiny, 2=small, 3=medium, 4=large, 5=huge
    
    # 6. Interaction terms
    df['premium_space'] = df['squareMeters'] * df['luxury_score']
    df['value_density'] = df['price_per_sqm'] * df['amenity_score']
    
    # 7. Log transforms
    df['log_sqm'] = np.log1p(df['squareMeters'])
    df['log_price'] = np.log1p(df['price'])
    
    # Select final columns (22 optimal features shown in your output)
    final_columns = [
        'squareMeters', 'numberOfRooms', 'hasYard', 'hasPool',
        'cityCode', 'cityPartRange', 'made', 'price',
        'price_per_sqm', 'price_per_room', 'room_density',
        'total_extra_space', 'livable_space_ratio',
        'amenity_score', 'luxury_score', 'property_age',
        'modernity_score', 'size_category', 'premium_space',
        'value_density', 'log_sqm', 'log_price'
    ]
    
    # Ensure all columns exist (for robustness)
    existing_columns = [col for col in final_columns if col in df.columns]
    return df[existing_columns]

# Apply transformations
engineered_df = engineer_features(df)
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engineered_df.shape

(10000, 22)

engineered_df.info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 10000 entries, 0 to 9999
Data columns (total 22 columns):
 #   Column               Non-Null Count  Dtype  
---  ------               --------------  -----  
 0   squareMeters         10000 non-null  int64  
 1   numberOfRooms        10000 non-null  int64  
 2   hasYard              10000 non-null  int64  
 3   hasPool              10000 non-null  int64  
 4   cityCode             10000 non-null  int64  
 5   cityPartRange        10000 non-null  int32  
 6   made                 10000 non-null  int64  
 7   price                10000 non-null  float64
 8   price_per_sqm        10000 non-null  float64
 9   price_per_room       10000 non-null  float64
 10  room_density         10000 non-null  float64
 11  total_extra_space    10000 non-null  int64  
 12  livable_space_ratio  10000 non-null  float64
 13  amenity_score        10000 non-null  int64  
 14  luxury_score         10000 non-null  int64  
 15  property_age         10000 non-null  int64  
 16  modernity_score      10000 non-null  int64  
 17  size_category        10000 non-null  float64
 18  premium_space        10000 non-null  int64  
 19  value_density        10000 non-null  float64
 20  log_sqm              10000 non-null  float64
 21  log_price            10000 non-null  float64
dtypes: float64(9), int32(1), int64(12)
memory usage: 1.6 MB

Feature Engineering Breakdown

In [50]:

Out[50]:

In [19]:

09/08/2025, 18:00 Task5_extension_final

file:///C:/Users/Chirag Pc/Downloads/Task5_extension_final.html 67/166



Price Efficiency Metrics
price_per_sqm : Price per square meter (normalizes price by property size)
price_per_room : Price per room (identifies premium room pricing)

Purpose: Creates size-independent price measures to compare value across
properties.

Space Utilization Features
room_density : Rooms per sqm (measures space efficiency)
total_extra_space : Sum of basement + attic + garage (total non-living space)
livable_space_ratio : Percentage of livable area

Purpose: Quantifies how space is allocated and utilized.

Amenity Scores
amenity_score : Count of luxury features (yard, pool, etc.)
luxury_score : Weighted score (pool + yard + premium location)

Purpose: Aggregates sparse binary features into meaningful composites.

Temporal Features
property_age : Years since construction
modernity_score : New construction bonus + post-2010 bonus

Purpose: Captures depreciation and modernization effects.
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Size Categories
size_category : Binned ordinal values (1–5)

Why not one-hot?

Preserves ordinal relationship (tiny < small < ... < huge)
More efficient than 5 dummy columns
Models understand magnitude (5 > 1)

Interaction Terms
premium_space : Size × luxury (identifies high-end large properties)
value_density : Price/sqm × amenities (spots underpriced gems)

Purpose: Captures non-linear feature relationships.

Log Transforms
log_sqm : Natural log of square meters
log_price : Natural log of price

Why needed?

Corrects for exponential price/size distributions
Makes relationships more linear
Reduces outlier impact
Enables percentage-based interpretation (coefficients become elasticities)

Key Technical Justifications
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Why Log Transforms?
Real estate data typically follows power-law distributions.
Converts multiplicative relationships to additive:

Original: 10× size → ~7× price
Logged: log(10)  → log(7)

Example:

# Skewed original distribution
df['price'].skew()  # Might show > 1 (highly skewed)

# After transform
df['log_price'].skew()  # Closer to 0 (normal)

Question 2 C. Normalize or standardize numerical features.

Order of Operations for Step 2C – Normalization/Standardization
Although Question 2C asks to normalize or standardize numerical features,
this transformation will be performed after completing Step 2E.

Reasoning

1. Preserve interpretability during EDA
Steps 2D (visualizing distributions & correlations) and 2E (identifying trends)
rely on raw, real-world values (e.g., $ per sqm, years since built).
Scaling first would replace these values with abstract z-scores or 0–1 values,
making plots and trends less intuitive.

2. Scaling is a modeling step
Normalization or standardization is not necessary for exploration;
it is primarily used to prepare features for algorithms sensitive to
magnitude differences (e.g., linear regression, KNN, SVM, neural networks).
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3. Avoid distortion in statistical summaries
Summary stats like means, medians, and correlation coefficients are
easier to interpret when they use the original measurement units.

Recommended Workflow

1. Step 2D – Visualize price distributions, correlations, and outliers.
2. Step 2E – Identify temporal price trends across suburbs.
3. Step 2C (Delayed) – Apply normalization/standardization only after

completing EDA and immediately before

Question 2D d. Visualize housing price distributions, feature to target correlations, and outliers.(after performing
feature enginnering)

# Run all analyses
univariate_analysis(engineered_df)

In [21]:
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🔹 Summary Statistics:
       squareMeters  numberOfRooms       hasYard       hasPool      cityCode  \
count   10000.00000   10000.000000  10000.000000  10000.000000  10000.000000   
mean    49870.13120      50.358400      0.508700      0.496800  50225.486100   
std     28774.37535      28.816696      0.499949      0.500015  29006.675799   
min        89.00000       1.000000      0.000000      0.000000      3.000000   
25%     25098.50000      25.000000      0.000000      0.000000  24693.750000   
50%     50105.50000      50.000000      1.000000      0.000000  50693.000000   
75%     74609.75000      75.000000      1.000000      1.000000  75683.250000   
max     99999.00000     100.000000      1.000000      1.000000  99953.000000   

       cityPartRange         made         price  price_per_sqm  \
count   10000.000000  10000.00000  1.000000e+04   10000.000000   
mean        5.510100   2005.48850  4.993448e+06     100.466908   
std         2.872024      9.30809  2.877424e+06       2.089565   
min         1.000000   1990.00000  1.031350e+04     100.004580   
25%         3.000000   1997.00000  2.516402e+06     100.072574   
50%         5.000000   2005.50000  5.016180e+06     100.130111   
75%         8.000000   2014.00000  7.469092e+06     100.256570   
max        10.000000   2021.00000  1.000677e+07     160.785106   

       price_per_room  ...  livable_space_ratio  amenity_score  luxury_score  \
count    1.000000e+04  ...         10000.000000   10000.000000  10000.000000   
mean     2.480341e+05  ...             0.187767       7.003000      1.407500   
std      6.278824e+05  ...             4.045427       3.331291      0.871504   
min      1.846066e+02  ...          -133.398374       0.000000      0.000000   
25%      5.028256e+04  ...             0.577709       4.000000      1.000000   
50%      1.000746e+05  ...             0.786313       7.000000      1.000000   
75%      1.953829e+05  ...             0.867638      10.000000      2.000000   
max      9.947716e+06  ...             0.994143      14.000000      3.000000   

       property_age  modernity_score  size_category  premium_space  \
count   10000.00000     10000.000000   10000.000000   10000.000000   
mean       19.51150         0.847600       4.997300   70128.430100   
std         9.30809         0.690233       0.069951   64512.767499   
min         4.00000         0.000000       2.000000       0.000000   
25%        11.00000         0.000000       5.000000   15726.000000   
50%        19.50000         1.000000       5.000000   57599.000000   
75%        28.00000         1.000000       5.000000   99435.000000   
max        35.00000         2.000000       5.000000  299226.000000   
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       value_density       log_sqm     log_price  
count   10000.000000  10000.000000  10000.000000  
mean      703.829951     10.507275     15.116845  
std       335.917317      1.003537      0.992988  
min         0.000000      4.499810      9.241306  
25%       400.970592     10.130603     14.738341  
50%       700.909981     10.821906     15.428180  
75%      1000.838514     11.220040     15.826284  
max      2041.071053     11.512925     16.118773  

[8 rows x 22 columns]
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Summary Statistics – Post Feature Engineering
The dataset now contains 22 columns including both original and engineered features.
Below are the key takeaways from the summary statistics:

1. Property Size & Rooms

squareMeters: Ranges from 89 to 99,999 sqm, mean ~49,870 sqm (high variance due to very large estates).
numberOfRooms: 1 to 100 rooms, mean ~50.4 rooms, showing some exceptionally large properties.

2. Amenities

hasYard: 50.9% of properties have a yard.
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hasPool: 49.7% of properties have a pool.
amenity_score: Mean ~7, max 14 (sum of available amenities).
luxury_score: Weighted luxury measure, mean ~1.41 (max 3).

3. Location & Desirability

cityCode: Numeric code for city areas (min 3, max ~99,953).
cityPartRange: Ordinal scale 1–10, mean ~5.51, higher values generally associated with higher prices.

4. Price Metrics

price: Mean ~5.0M, min ~10K, max ~10.0M.
price_per_sqm: Narrow range around 100 (due to synthetic data constraints).
price_per_room: Wide spread due to variation in property size and luxury level.

5. Space Utilization

livable_space_ratio: Mostly positive, but outliers exist (negative values due to anomalies).
total_extra_space and premium_space: Show large variability, with some properties having extremely large non-living or luxury spaces.

6. Temporal Features

made: Year built ranges from 1990–2021.
property_age: Mean ~19.5 years, max 35 years.
modernity_score: 0–2 scale based on construction year, mean ~0.85.

7. Transformations

log_sqm: Log-transformed square meters, helps normalize skew.
log_price: Log-transformed price, reducing effect of extreme outliers.
value_density: Combined metric of price per sqm and amenities, range 0–2041.

Interpretation Note:
The engineered features now provide:
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Normalized value measures ( price_per_sqm , price_per_room , value_density )
Space allocation indicators ( livable_space_ratio , premium_space )
Luxury scoring ( amenity_score , luxury_score )
Temporal adjustments ( property_age , modernity_score )
Log transforms to handle skew and enable elasticity-based model interpretation.

These statistics confirm large variance in property sizes, prices, and amenities,
which will require outlier handling and scaling before modeling.

bivariate_analysis(engineered_df)In [22]:
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Correlation Heatmap – Key Insights
This heatmap shows Pearson correlation coefficients between all numerical features
(values range from -1 to +1):

1. Strongest Positive Correlations

squareMeters ↔ price = 1.00 (synthetic data artifact: perfect linear relationship).
squareMeters ↔ log_sqm = 0.87 (log transform preserves size ranking).
squareMeters ↔ premium_space = 0.63 (larger homes tend to have more luxury space).
numberOfRooms ↔ price_per_room = 0.41 (more rooms → higher total price per room).

2. Strongest Negative Correlations

price_per_sqm ↔ squareMeters = -0.28
Larger properties tend to have a lower price per sqm.
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room_density ↔ livable_space_ratio = -0.83
Higher room density often means less open livable space.

3. Features with Notable Multi-Collinearity

luxury_score ↔ hasPool = 0.59 and ↔ hasYard = 0.59
Pool and yard presence drive luxury score.
size_category ↔ squareMeters = 0.67
Expected, since size_category is binned from square meters.
log_price ↔ price = 1.00 (perfect by definition).

4. Weak or Near-Zero Correlations

cityCode and cityPartRange with most numerical features (< 0.05 correlation).
Indicates these location codes are categorical/ordinal rather than continuous predictors.

5. Modeling Implications

Highly correlated pairs (e.g., squareMeters , log_sqm , size_category )
→ Watch for multicollinearity in linear models; tree models are less affected.
Negative relationships (e.g., price_per_sqm  vs. size) can capture value-per-size trade-offs.
Weak correlations might still be useful for non-linear models where interactions matter.

Conclusion:

Size-related variables dominate price prediction power.
Amenity and luxury features are moderately correlated with price.
Location codes hold little direct correlation but may interact with other features.

multivariate_analysis(engineered_df)In [23]:
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🔹 Correlation with Target Variable:
price                  1.000000
squareMeters           0.999999
log_price              0.873442
log_sqm                0.869669
premium_space          0.626976
livable_space_ratio    0.256854
price_per_room         0.215187
size_category          0.066746
numberOfRooms          0.009591
cityPartRange          0.008813
property_age           0.007210
cityCode              -0.001539
amenity_score         -0.001691
luxury_score          -0.001908
total_extra_space     -0.004327
hasPool               -0.005070
hasYard               -0.006119
made                  -0.007210
value_density         -0.015084
modernity_score       -0.018278
room_density          -0.249028
price_per_sqm         -0.280174
Name: price, dtype: float64

09/08/2025, 18:00 Task5_extension_final

file:///C:/Users/Chirag Pc/Downloads/Task5_extension_final.html 99/166



Multivariate Pairplot – Key Insights
The pairplot visualizes relationships between multiple numerical features and
reveals distribution shapes, linearity, and clustering patterns.

1. Strong Linear Relationships

price ↔ squareMeters: Almost perfect positive linear relationship —
price increases directly with property size.
squareMeters ↔ log_sqm and price ↔ log_price:
Log transformation preserves order but compresses scale, making the relationship less extreme.

2. Log Transform Effects

log_price and log_sqm show diminishing returns patterns:
larger or more expensive properties grow in price at a slower rate per unit size.
Distributions become more symmetric after log transform, reducing skewness.

3. Premium Space Trends

premium_space shows tiered linear bands with squareMeters and price,
suggesting discrete groupings (possibly due to classification rules in data creation).
The relationship between premium_space and log_price is curvilinear.

4. Target Variable Correlation Ranking

Feature Corr. w/ Price

price 1.0000

squareMeters 0.9999
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Feature Corr. w/ Price

log_price 0.8734

log_sqm 0.8697

premium_space 0.6270

livable_space_ratio 0.2569

price_per_room 0.2152

size_category 0.0667

numberOfRooms 0.0096

cityPartRange 0.0088

property_age 0.0072

cityCode -0.0015

amenity_score -0.0017

luxury_score -0.0019

total_extra_space -0.0043

hasPool -0.0051

hasYard -0.0061

made -0.0072

value_density -0.0151

modernity_score -0.0183

room_density -0.2490

price_per_sqm -0.2802

5. Modeling Considerations
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Feature Redundancy: squareMeters , log_sqm , and size_category  are highly correlated —
may need dimensionality reduction or feature selection in linear models.
Negative Predictors: price_per_sqm  and room_density  have strong negative correlation
with price, indicating they capture value efficiency.
Weak Direct Correlations: Some features like luxury_score  or amenity_score
may still matter through interactions rather than direct correlation.

Conclusion:

The dataset’s strongest driver of price is property size and derived size-based features.
Log transformations help stabilize variance and linearize relationships,
which is important for regression-based models.

Target Variable Choice: price  vs log_price

During Exploratory Data Analysis (EDA), the raw price  column was used as the target in all correlation calculations and visualizations.

This preserves interpretability: correlation values directly reflect how features relate to actual market prices.
In the correlation heatmap, price  shows the highest correlation with squareMeters  (~1.0), followed by log_price , log_sqm , and
premium_space .

However, the pairplot and price distribution histograms reveal that price  is heavily right-skewed, with a long tail of high-value properties.

This skew can cause models to focus disproportionately on outliers.
Transforming with the natural logarithm ( log_price ) compresses extreme values, making the distribution more symmetric.

Decision for Modeling:

EDA Target: price  (raw values) — easier to interpret correlations in monetary terms.
Modeling Target: log_price  — improves normality of residuals, reduces heteroscedasticity, and generally leads to better regression
performance.
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Prediction outputs will be exponentiated ( np.exp() ) after modeling to convert them back into real price units.

2C. Normalize or Standardize Numerical Features
Before feeding numerical data into many machine learning models, it is essential to bring all features to a comparable scale. This can be done
via:

Normalization (Min–Max Scaling) → Scales data to a fixed range, typically [0, 1].
Formula:
[ X' = \frac{X - X_{\min}}{X_{\max} - X_{\min}} ]

Standardization (Z-score Scaling) → Centers data to mean 0 and standard deviation 1.
Formula:
[ X' = \frac{X - \mu}{\sigma} ]

Why Normalize After Visualizations?

We first visualize raw data (Step E) to understand:

Distributions (detect skewness)
Outliers (extreme values that might affect scaling)
Feature–target relationships

If we normalize too early, these patterns can be hidden or distorted.
Example: The price feature in our dataset is heavily right-skewed. Applying log(price)  reduces skewness, making patterns clearer and
improving model performance.

Price vs Log-Price Example:

Price: Skewed distribution, long tail → can bias model learning.
Log(Price): More Gaussian-like distribution, stable variance.

Conclusion:
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Perform visual analysis first (Step E) to decide transformations like log(price) .
Then, normalize/standardize features (Step C) for model training.

import matplotlib.pyplot as plt
import seaborn as sns
import numpy as np

# Create log-price column
df['log_price'] = np.log(df['price'])

# Plot style
sns.set_style("whitegrid")
plt.figure(figsize=(14, 5))

# Price distribution
plt.subplot(1, 2, 1)
sns.histplot(df['price'], bins=50, kde=True, color='skyblue')
plt.title('Price Distribution', fontsize=14)
plt.xlabel('Price')
plt.ylabel('Frequency')

# Log-price distribution
plt.subplot(1, 2, 2)
sns.histplot(df['log_price'], bins=50, kde=True, color='orange')
plt.title('Log(Price) Distribution', fontsize=14)
plt.xlabel('Log(Price)')
plt.ylabel('Frequency')

plt.tight_layout()
plt.show()

In [25]:
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Observations from Price Distributions
Price Distribution (Left):
The raw prices are uniformly spread across the range, with values reaching up to ~10 million. However, the wide scale makes it unsuitable
for direct modeling as features with large magnitudes can dominate others.

Log(Price) Distribution (Right):
Applying the natural log transformation compresses the scale and reduces the magnitude gap between lower and higher prices.
However, the distribution remains right-skewed, indicating that high-priced properties are still more frequent, and the transformation
does not achieve full normality.

Implication for Modeling:
Using log(price)  as the target variable can improve model stability and reduce the influence of extreme values. Further
normalization/standardization of other numerical features will still be necessary.

Question 2 E. Identify price trends over time across suburbs.(before featured engineering)
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import pandas as pd

# Example: group by 'made' year and 'cityCode'
price_trends = data.groupby(['made', 'cityCode'])['price'].mean().reset_index()
price_trends.head()

made cityCode price

0 1990 296 8459024.0

1 1990 487 9879363.0

2 1990 580 7169819.0

3 1990 630 6128731.0

4 1990 997 6554554.0

data['made'].max()

2021

import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt

# 1.Sanity checks
print(data['made'].describe())
print(data['cityCode'].value_counts())

# 2.Filter unrealistic years
data = data[(data['made'] >= 1990) & (data['made'] <= 2025)]

# 3.Keep only pincodes with enough records
pincode_counts = data['cityCode'].value_counts()
valid_pincodes = pincode_counts[pincode_counts >= 3].index  # at least 3 records per pincode
data = data[data['cityCode'].isin(valid_pincodes)]

print("Valid pincodes:", valid_pincodes)

In [26]:

Out[26]:

In [27]:

Out[27]:

In [28]:
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# 4. Group by made + cityCode
price_trends = (
    data.groupby(['made', 'cityCode'])['price']
    .mean()
    .reset_index()
    .sort_values(by=['cityCode', 'made'])
)

print(price_trends.head())

# 5. Plot trends for a few pincodes
plt.figure(figsize=(12, 8))

# Pick first 5 valid pincodes
sample_pincodes = valid_pincodes[:5]

for code in sample_pincodes:
    subset = price_trends[price_trends['cityCode'] == code]
    if not subset.empty:
        sns.lineplot(x='made', y='price', data=subset, label=f'Pincode {code}')

plt.title('Average Housing Price Trends Over Time by Pincode')
plt.xlabel('Year Built (made)')
plt.ylabel('Average Price')
plt.legend()
plt.show()
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count    10000.00000
mean      2005.48850
std          9.30809
min       1990.00000
25%       1997.00000
50%       2005.50000
75%       2014.00000
max       2021.00000
Name: made, dtype: float64
cityCode
97260    3
95054    3
82521    3
56356    3
39297    3
        ..
90146    1
9439     1
36609    1
88278    1
18412    1
Name: count, Length: 9509, dtype: int64
Valid pincodes: Index([97260, 95054, 82521, 56356, 39297, 92628, 96283, 37363, 16401, 79444,
       36929, 83194, 98233],
      dtype='int64', name='cityCode')
    made  cityCode      price
4   1995     16401  1399630.5
7   1997     16401  8412538.7
13  1999     16401  6752379.9
22  2008     36929  7290006.8
24  2010     36929  4838730.0
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Graph Interpretation: Average Housing Price Trends by Year Built
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1. Data Overview

X-axis: Year built ("made") from 1990 to 2020 in 5-year increments
Y-axis: Average housing price (scale not shown, likely absolute values)
Note: Data is aggregated by pincode (specific geographic zones)

2. Observed Trends

General Pattern: Prices show a clear upward trajectory over time
Key Periods:

1990-2000: Gradual price increases
2000-2010: Accelerated growth (steepest slope)
2010-2020: Continued growth but potentially slowing rate

3. Notable Features

New Construction Premium: Newest homes (2015-2020) command highest prices
Vintage Effect: Older homes (pre-2000) show lower baseline values
Possible Market Events:

Steep 2000-2010 rise may correlate with economic/housing boom periods
Post-2010 flattening could indicate market saturation or policy changes

4. Geographic Implications

Pincode aggregation suggests:
Consistent trends across regions, or
Dominance of certain high-growth pincodes in the average

5. Data Considerations

Missing Elements:
Actual price values/scale
Standard deviation/variation indicators
Number of pincodes included
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Normalization: Unclear if prices are inflation-adjusted

Recommendation: Supplement with:

1. Price scale and units
2. Geographic distribution details
3. Inflation adjustment status

Question 2E: Price Trends Over Time Across Suburbs (After Feature Engineering)
After performing feature engineering, we examine how average housing prices have evolved over time for different suburbs (represented by
cityCode ).

This helps us identify whether certain suburbs have experienced faster growth or decline in prices compared to others.

Steps:

1. Sanity Checks – Review the range of years and distribution of suburbs ( cityCode ).
2. Filter unrealistic construction years.
3. Filter suburbs with insufficient data (at least 3 records).
4. Group by year ( made ) and suburb ( cityCode ) to calculate average prices.
5. Plot price trends for a sample of suburbs to visualize changes over time.

import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt

# 1. Sanity checks
print(engineered_df['made'].describe())
print(engineered_df['cityCode'].value_counts())

# 2. Filter unrealistic years
engineered_df = engineered_df[(engineered_df['made'] >= 1990) & (engineered_df['made'] <= 2025)]

# 3. Keep only pincodes with enough records
pincode_counts = engineered_df['cityCode'].value_counts()

In [29]:
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valid_pincodes = pincode_counts[pincode_counts >= 3].index
engineered_df = engineered_df[engineered_df['cityCode'].isin(valid_pincodes)]

print("Valid pincodes:", valid_pincodes)

# 4. Group by made + cityCode using log_price
price_trends_log = (
    engineered_df.groupby(['made', 'cityCode'])['log_price']
    .mean()
    .reset_index()
    .sort_values(by=['cityCode', 'made'])
)

print(price_trends_log.head())

# 5. Plot trends for a few pincodes
plt.figure(figsize=(12, 8))
sample_pincodes = valid_pincodes[:5]

for code in sample_pincodes:
    subset = price_trends_log[price_trends_log['cityCode'] == code]
    if not subset.empty:
        sns.lineplot(x='made', y='log_price', data=subset, label=f'Pincode {code}')

plt.title('Average Log(Price) Trends Over Time by Pincode')
plt.xlabel('Year Built (made)')
plt.ylabel('Average Log(Price)')
plt.legend()
plt.show()
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count    10000.00000
mean      2005.48850
std          9.30809
min       1990.00000
25%       1997.00000
50%       2005.50000
75%       2014.00000
max       2021.00000
Name: made, dtype: float64
cityCode
97260    3
95054    3
82521    3
56356    3
39297    3
        ..
90146    1
9439     1
36609    1
88278    1
18412    1
Name: count, Length: 9509, dtype: int64
Valid pincodes: Index([97260, 95054, 82521, 56356, 39297, 92628, 96283, 37363, 16401, 79444,
       36929, 83194, 98233],
      dtype='int64', name='cityCode')
    made  cityCode  log_price
4   1995     16401  14.151720
7   1997     16401  15.945234
13  1999     16401  15.725406
22  2008     36929  15.802015
24  2010     36929  15.392163
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Observation — Post Feature Engineering (Using Log(Price))
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1. Data Overview
X-axis: Year built ( made ) ranges roughly from 1995 to 2021.
Y-axis: Average log-transformed housing price ( log_price ), which compresses extreme values for better trend visibility.
Data is aggregated by pincode, showing localized housing market trends.

2. Observed Trends
Stabilized patterns compared to raw prices due to log transformation reducing volatility.
Some pincodes (e.g., 82521, 83194) show gradual, steady increases over time, indicating consistent appreciation.
Others (e.g., 95054) display a declining trend, suggesting possible market cooling, oversupply, or economic shifts.
Certain pincodes (e.g., 36929) have fluctuating patterns, possibly due to smaller sample sizes or irregular transaction volumes.

3. Key Changes After Feature Engineering
Smoother trend lines: Outlier influence reduced, muting short-term spikes/drops.
Better comparability: Price gaps between high-value and low-value suburbs visually compressed, improving relative analysis.
Relative performance clarity: Easier to identify consistent growth vs. volatility across suburbs.

4. Geographic Implications
Market performance varies significantly by suburb.
Upward-trending suburbs may indicate growing demand or rising desirability.
Declining or unstable suburbs warrant further investigation into local factors.

5. Analytical Note
Log transformation ( log_price ) improves interpretability for trend analysis.
For a more complete economic perspective, trends should be inflation-adjusted before final conclusions.
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Question 2 C. Normalize or standardize  numerical features. (before feature engineering)(

Answer 2C

import pandas as pd
data = pd.read_csv(r"E:\2. MDS DEAKIN UNIVERSITY\3.SIG 720- Machine learning\TASK\Task 5\dataset\ParisHousing.csv")  
# --- 1. Setup your features & target
X = data.drop('price', axis=1)
y = data['price']

# --- 1. Setup features & target for engineered data
#X = engineered_df.drop(['price', 'log_price'], axis=1)  # drop raw price & log_price to avoid leakage
#y = engineered_df['log_price']  # use log_price as target for stability

import numpy as np
from sklearn.model_selection import train_test_split

# --- 2. Splitting Data into Training and Test Sets for Model Development ---

# X: Features/independent variables (all columns except target)
# y: Target/dependent variable (price in original units)
# test_size: 20% of data allocated to test set (80% for training)
# random_state: Ensures reproducible splits across runs (set to any integer)

X_train, X_test, y_train, y_test = train_test_split(
    X,                     # Feature matrix
    y,                     # Target vector  
    test_size=0.2,         # 20% test size (industry standard)
    random_state=42        # Seed for reproducibility
)

# Convert targets to 1D
y_train = np.ravel(y_train)
y_test = np.ravel(y_test)

# Verify split sizes
print(f"Training set: {X_train.shape[0]} samples")  # Expected: 80% of total

In [32]:

In [33]:
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print(f"Test set: {X_test.shape[0]} samples")       # Expected: 20% of total
print(f"Training set:{y_train.shape[:]} target sample") # expected: 80% of total
print(f"test set:{y_test.shape[:]} target sample") # expected: 20% of total

Training set: 8000 samples
Test set: 2000 samples
Training set:(8000,) target sample
test set:(2000,) target sample

X_train.head()

squareMeters numberOfRooms hasYard hasPool floors cityCode cityPartRange numPrevOwners made isNewBuilt hasStormPr

9254 81531 57 0 1 2 53236 7 1 1990 0

1561 78731 88 0 0 79 78649 7 6 1991 1

1670 78004 71 1 1 96 39708 10 10 1990 1

6087 15727 25 1 0 55 17489 1 7 2007 0

6669 3190 59 0 0 95 35955 6 6 2004 1

y_train[:5]

array([8158198. , 7878473.1, 7816750. , 1577602.7,  322180.4])

from sklearn.preprocessing import StandardScaler

# Standardize input features
X_scaler = StandardScaler()
X_train_scaled = X_scaler.fit_transform(X_train)
X_test_scaled = X_scaler.transform(X_test)

# Standardize target (reshaping is still needed for scaler)
y_scaler = StandardScaler()
y_train_scaled = y_scaler.fit_transform(y_train.reshape(-1, 1))  # Removed .values
y_test_scaled = y_scaler.transform(y_test.reshape(-1, 1))       # Removed .value

In [34]:

Out[34]:

In [35]:

Out[35]:

In [36]:
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# verifying data
print(f"{'='*100} \n X train data \n {X_train_scaled[:2]}")
print(f"{'='*100} \n X test data \n {X_test_scaled[:2]}")
print(f"{'='*100} \n y train data \n {y_train_scaled[:2]}")
print(f"{'='*100} \n y test data \n {y_test_scaled[:2]}")

==================================================================================================== 
 X train data 
 [[ 1.1189976   0.22279829 -1.01460667  1.00652126 -1.66466359  0.10022454
   0.51428242 -1.57845239 -1.66971495 -0.99476371 -0.99850112  0.39946723
   1.70579207  0.70692003  1.00025003 -0.93962897]
 [ 1.02094519  1.2987203  -1.01460667 -0.99352099  0.99630997  0.97939221
   0.51428242  0.16916983 -1.56238092  1.00526385  1.00150113  0.302882
   0.35353226  0.72979271 -0.99975003 -0.62348178]]
==================================================================================================== 
 X test data 
 [[ 1.04973057 -1.5125598   0.98560362 -0.99352099  0.3742642  -0.5286123
   0.86194673 -1.22892794 -1.02571079  1.00526385  1.00150113 -0.58028226
   0.88981484  1.31685802  1.00025003 -1.25577616]
 [-0.43877509  0.98635584  0.98560362  1.00652126  1.27277475  0.2574251
  -0.8763748  -0.8794035   1.44297182  1.00526385 -0.99850112  0.2139402
   1.10122399 -1.48885672 -0.99975003  0.0088126 ]]
==================================================================================================== 
 y train data 
 [[1.11854273]
 [1.02058598]]
==================================================================================================== 
 y test data 
 [[ 1.05066604]
 [-0.43792707]]

Question 3. Model development:

develop at least three different regression models, use MAE, RMSE and R-squared as the evaluation metrics, use k-fold cross validation to
evaluate the model performance.

Step 2 Import require library

In [37]:
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# Import regression models
from sklearn.linear_model import Ridge          # L2-regularized linear regression (prevents overfitting)
from sklearn.ensemble import RandomForestRegressor  # Ensemble of decision trees (handles non-linear relationships)
from sklearn.svm import SVR                    # Support Vector Machine for regression (works well with small datasets)

# Import model selection tools
from sklearn.model_selection import cross_val_score  # Evaluate score using cross-validation
from sklearn.model_selection import KFold            # K-fold cross-validation iterator
from sklearn.model_selection import GridSearchCV     # Exhaustive search over specified parameter values

# Import evaluation metrics
from sklearn.metrics import mean_absolute_error    # Average absolute difference between predictions and true values
from sklearn.metrics import mean_squared_error     # Average squared difference (penalizes large errors more)
from sklearn.metrics import r2_score               # Coefficient of determination (1.0 = perfect prediction)

# Import data processing libraries
import numpy as np    # Fundamental package for numerical computing
import pandas as pd   # Data manipulation and analysis library

Step 3 Define Models & Hyperparameter Grids
# Dictionary containing regression models and their hyperparameter grids
models = {
    # Ridge Regression (L2 regularization)
    'Ridge': {
        'model': Ridge(),  # Base model instance
        'params': {
            'alpha': [0.1, 1.0, 10.0, 100.0]  # Regularization strength (higher = more penalty)
        }
    },
    
    # Random Forest Regressor (ensemble method)
    'RandomForest': {
        'model': RandomForestRegressor(random_state=42),  # Set random state for reproducibility
        'params': {
            'n_estimators': [50, 100],  # Number of trees in the forest
            'max_depth': [5, 10, None]  # Maximum tree depth (None = no limit)
        }

In [38]:

In [39]:
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    },
    
    # Support Vector Regression
    'SVR': {
        'model': SVR(),  # Base support vector regressor
        'params': {
            'C': [0.1, 1, 10],  # Regularization parameter
            'kernel': ['rbf', 'linear']  # Kernel type for non-linear relationships
        }
    }
}

4. Train, Cross-Validate, Tune, and Store Results
from sklearn.metrics import r2_score, mean_absolute_error, mean_squared_error
from sklearn.model_selection import KFold, GridSearchCV
import numpy as np

def evaluate_model(model, X_train, y_train, X_test, y_test):
    """Returns train/test metrics for regression"""
    y_train_pred = model.predict(X_train)
    y_test_pred = model.predict(X_test)

    # R² and MAE
    train_r2 = r2_score(y_train, y_train_pred)
    test_r2 = r2_score(y_test, y_test_pred)
    train_mae = mean_absolute_error(y_train, y_train_pred)
    test_mae = mean_absolute_error(y_test, y_test_pred)

    # RMSE
    train_rmse = np.sqrt(mean_squared_error(y_train, y_train_pred))
    test_rmse = np.sqrt(mean_squared_error(y_test, y_test_pred))

    return {
        'Train R2': train_r2,
        'Train MAE': train_mae,
        'Train RMSE': train_rmse,
        'Train Accuracy (%)': train_r2 * 100,
        'Test R2': test_r2,

In [40]:
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        'Test MAE': test_mae,
        'Test RMSE': test_rmse,
        'Test Accuracy (%)': test_r2 * 100,
        'Train-Test R2 Gap': train_r2 - test_r2
    }

results = []
kfold = KFold(n_splits=5, shuffle=True, random_state=42)

best_model = None
best_test_r2 = float('-inf')  # Initialize to very low value

for name, mp in models.items():
    print(f"\nTraining {name}...")
    grid = GridSearchCV(mp['model'], mp['params'], cv=kfold, scoring='neg_mean_squared_error')
    
    y_train_flat = np.ravel(y_train_scaled)  # Flatten y if needed
    grid.fit(X_train_scaled, y_train_flat)
    
    model_instance = grid.best_estimator_

    metrics = evaluate_model(model_instance, 
                             X_train_scaled, y_train_flat,
                             X_test_scaled, np.ravel(y_test_scaled))

    # Store best model based on highest test R² score
    if metrics['Test R2'] > best_test_r2:
        best_test_r2 = metrics['Test R2']
        best_model = model_instance
    
    results.append({
        'Model': name,
        'Best Params': grid.best_params_,
        **metrics,
        'CV MSE (Mean)': -grid.cv_results_['mean_test_score'].mean()
    })

print("\nBest model based on Test R2 score:")
print(best_model)
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Training Ridge...

Training RandomForest...

Training SVR...

Best model based on Test R2 score:
Ridge(alpha=0.1)

results_dataframe=pd.DataFrame(results)
results_dataframe

Model Best Params Train R2 Train
MAE

Train
RMSE

Train
Accuracy

(%)
Test R2 Test

MAE
Test

RMSE

Test
Accuracy

(%)

Train-Test
R2 Gap

CV MSE
(Mean)

0 Ridge {'alpha': 0.1} 1.000000 0.000515 0.000662 99.999956 1.000000 0.000529 0.000673 99.999958 -1.659676e-
08 0.000061

1 RandomForest

{'max_depth':
None,

'n_estimators':
100}

1.000000 0.000403 0.000507 99.999974 0.999998 0.001111 0.001400 99.999817 1.568169e-
06 0.000161

2 SVR
{'C': 0.1,
'kernel':
'linear'}

0.996728 0.049345 0.057198 99.672834 0.996724 0.051608 0.059321 99.672384 4.499016e-
06 0.007341

import matplotlib.pyplot as plt

# Make sure the DataFrame is available
df = pd.DataFrame(results)

# Set plot size and styling
plt.rcParams['figure.figsize'] = (10, 6)

# 1. Train vs Test Accuracy
plt.figure()
df.plot(x='Model', y=['Train Accuracy (%)', 'Test Accuracy (%)'], kind='bar')
plt.title('Train vs Test Accuracy (%)')

In [41]:
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plt.ylabel('Accuracy (%)')
plt.xticks(rotation=0)
plt.grid(axis='y')
plt.tight_layout()
plt.show()

# 2. Train vs Test MAE
plt.figure()
df.plot(x='Model', y=['Train MAE', 'Test MAE'], kind='bar')
plt.title('Train vs Test MAE')
plt.ylabel('Mean Absolute Error')
plt.xticks(rotation=0)
plt.grid(axis='y')
plt.tight_layout()
plt.show()

# 3. Train vs Test RMSE
plt.figure()
df.plot(x='Model', y=['Train RMSE', 'Test RMSE'], kind='bar')
plt.title('Train vs Test RMSE')
plt.ylabel('Root Mean Squared Error')
plt.xticks(rotation=0)
plt.grid(axis='y')
plt.tight_layout()
plt.show()

# 4. Train-Test R2 Gap
plt.figure()
df.plot(x='Model', y='Train-Test R2 Gap', kind='bar', color='orange')
plt.title('Train-Test R2 Gap')
plt.ylabel('R2 Gap')
plt.xticks(rotation=0)
plt.grid(axis='y')
plt.tight_layout()
plt.show()

# 5. Cross-Validated MSE (Mean)
plt.figure()
df.plot(x='Model', y='CV MSE (Mean)', kind='bar', color='green')
plt.title('Cross-Validated MSE (Mean)')
plt.ylabel('MSE')
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plt.xticks(rotation=0)
plt.grid(axis='y')
plt.tight_layout()
plt.show()

<Figure size 1000x600 with 0 Axes>

<Figure size 1000x600 with 0 Axes>
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Model Evaluation Observations

After training and evaluating Ridge Regression, Random Forest Regressor, and Support Vector Regressor (SVR) using train-test split and
k-fold cross-validation, the following key insights were observed:
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Model Performance Summary

Model Train R² Test R² Train MAE Test MAE Train RMSE Test RMSE CV MSE

Ridge 1.000 1.000 0.000515 0.000529 0.000662 0.000673 0.000061

Random Forest 1.000 0.999998 0.000403 0.001111 0.000507 0.001400 0.000161

SVR 0.996728 0.996724 0.049345 0.051608 0.057198 0.059321 0.007341

Key Observations

Ridge Regression

Achieved perfect performance (R² = 1.000 on both train and test)
Lowest errors: MAE ≈ 0.0005, RMSE ≈ 0.0006
No overfitting: Train-test R² gap ≈ 0
Best CV performance: MSE = 0.000061

Random Forest

Near-perfect performance: R² = 1.000 (train), 0.999998 (test)
Slight overfitting: Test errors slightly higher than train (MAE: 0.0011 vs 0.0004)
Excellent accuracy: 99.999% on both sets

SVR

Good but weaker performance: R² ≈ 0.9967
Higher errors: MAE ≈ 0.05, RMSE ≈ 0.057-0.059
Worst CV performance: MSE = 0.007341
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Conclusion

1. Best Model:

Ridge Regression (best accuracy, consistency, and generalization)
Advantages: Perfect scores, lowest errors, no overfitting

2. Runner-up:

Random Forest (very strong but shows mild overfitting)
Could benefit from: Additional tuning/regularization

3. Least Preferred:

SVR (underperforms compared to others)
Consider: Expanding hyperparameter grid if SVR is required

Recommendation: Deploy Ridge Regression for production due to its optimal balance of performance and reliability.

Question 4. Feature importance:

identify which features more influence housing price, use model specific methods (e.g., feature importance in tree-based methods) or
other statistical methods (e.g., SHAP values).

import pandas as pd
import matplotlib.pyplot as plt
import numpy as np

# Assuming X_train is your original training data before scaling
feature_names = X_train.columns
coefficients = best_model.coef_

# Create DataFrame
coef_df = pd.DataFrame({
    'Feature': feature_names,
    'Coefficient': coefficients,

In [43]:
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    'Absolute Coefficient': np.abs(coefficients)
})

# Sort by absolute importance
coef_df = coef_df.sort_values(by='Absolute Coefficient', ascending=False)

# Display top 10 features
display(coef_df.head(10))

# Plotting
plt.figure(figsize=(10, 6))
plt.barh(coef_df['Feature'].head(10), coef_df['Coefficient'].head(10))
plt.xlabel('Coefficient Value')
plt.title('Top 10 Influential Features - Ridge Regression')
plt.gca().invert_yaxis()
plt.tight_layout()
plt.show()

Feature Coefficient Absolute Coefficient

0 squareMeters 0.999995 0.999995

4 floors 0.000552 0.000552

2 hasYard 0.000524 0.000524

3 hasPool 0.000524 0.000524

6 cityPartRange 0.000051 0.000051

9 isNewBuilt 0.000022 0.000022

10 hasStormProtector 0.000018 0.000018

8 made -0.000010 0.000010

5 cityCode -0.000010 0.000010

13 garage 0.000009 0.000009
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corr = data.corr()
print(corr['price'].sort_values(ascending=False))

In [44]:
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price                1.000000
squareMeters         0.999999
numPrevOwners        0.016619
numberOfRooms        0.009591
cityPartRange        0.008813
hasStormProtector    0.007496
floors               0.001654
attic               -0.000600
hasGuestRoom        -0.000644
cityCode            -0.001539
hasStorageRoom      -0.003485
basement            -0.003967
hasPool             -0.005070
hasYard             -0.006119
made                -0.007210
isNewBuilt          -0.010643
garage              -0.017229
Name: price, dtype: float64

Feature Importance Analysis (Ridge Regression 
Coefficients)

Feature Impact Ranking

Most Influential Feature
squareMeters (Coefficient: 0.999995)

Dominates all other features with near-perfect positive correlation
Indicates property size is the primary price driver

Moderately Influential Features (0.0005-0.0006 range)
floors (0.000552)

Each additional floor increases home value
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hasYard (0.000524)
Yard presence adds significant value

hasPool (0.000524)
Pool provides comparable value boost to yards

Less Influential Features (<0.0001)
cityPartRange (0.000051)

Location tier shows minor impact
isNewBuilt (0.000022)

New construction adds slight premium
hasStormProtector (0.000018)

Minimal price impact from storm protection
garage (0.000009)

Negligible effect on pricing

Counterintuitive Influencers
made (-0.000010)

Slight negative correlation with construction year
cityCode (-0.000010)

Higher city codes weakly associate with lower prices

Key Observations
1. Size Dominance

Square footage explains ~99.99% of price variation
All other features combined contribute <0.1%

2. Amenity Value
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# Value comparison calculation
amenity_value = (0.000524 / 0.999995) * 100
print(f"Pools/yards contribute {amenity_value:.4f}% of squareMeters' impact")

5. Model deployment:

Develop a simple web demo application using appropriate packages (e.g., gradio, Flask or Streamlit). Allow users to input property
features and receive price predictions.

random forest model deployment with gradio

# 1️⃣ Imports
import pandas as pd
import numpy as np
from sklearn.ensemble import RandomForestRegressor
from sklearn.preprocessing import StandardScaler
import gradio as gr

# 3️⃣ Split features & target
X = data.drop('price', axis=1)
y = data['price']

# 4️⃣ Scale features
scaler = StandardScaler()
X_scaled = scaler.fit_transform(X)

# 5️⃣ Train Random Forest
model = RandomForestRegressor(random_state=42)
model.fit(X_scaled, y)

# 6️⃣ Define prediction function for Gradio
def predict_price(squareMeters, numberOfRooms, hasYard, hasPool, floors, cityCode,
                  cityPartRange, numPrevOwners, made, isNewBuilt, hasStormProtector,
                  basement, attic, garage, hasStorageRoom, hasGuestRoom):

    input_data = pd.DataFrame([[
        squareMeters, numberOfRooms, hasYard, hasPool, floors, cityCode,

In [45]:
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        cityPartRange, numPrevOwners, made, isNewBuilt, hasStormProtector,
        basement, attic, garage, hasStorageRoom, hasGuestRoom
    ]], columns=X.columns)

    input_scaled = scaler.transform(input_data)
    prediction = model.predict(input_scaled)[0]
    return f"Estimated Price: ₹ {prediction:,.2f}"

# 7️⃣ Create Gradio interface
inputs = [
    gr.Number(label="Square Meters"),
    gr.Number(label="Number of Rooms"),
    gr.Radio([0, 1], label="Has Yard? (0 = No, 1 = Yes)"),
    gr.Radio([0, 1], label="Has Pool? (0 = No, 1 = Yes)"),
    gr.Number(label="Floors"),
    gr.Number(label="City Code (Pincode)"),
    gr.Number(label="City Part Range"),
    gr.Number(label="Number of Previous Owners"),
    gr.Number(label="Year Built (Made)"),
    gr.Radio([0, 1], label="Is New Built? (0 = No, 1 = Yes)"),
    gr.Radio([0, 1], label="Has Storm Protector? (0 = No, 1 = Yes)"),
    gr.Number(label="Basement (Area)"),
    gr.Number(label="Attic (Area)"),
    gr.Number(label="Garage (Area)"),
    gr.Radio([0, 1], label="Has Storage Room? (0 = No, 1 = Yes)"),
    gr.Number(label="Has Guest Room")
]

gr.Interface(
    fn=predict_price,
    inputs=inputs,
    outputs=gr.Textbox(label="Price Prediction"),
    title="🏠 Housing Price Estimator",
    description="Enter property details to estimate the housing price."
).launch()

* Running on local URL:  http://127.0.0.1:7860
* To create a public link, set `share=True` in `launch()`.
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🏠 Housing Price Estimator
Enter property details to estimate the housing price.

0

0

0 1

0 1

Flag

Square Meters

Number of Rooms

Has Yard? (0 = No, 1 = Yes)

Has Pool? (0 = No, 1 = Yes)

Floors

Price Prediction

Description:. Why the Model Was Dominated by squareMeters
In real estate price prediction, size (square footage) often shows the strongest linear relationship with price. For example, a 2025 study found
that linear regression identified both square footage and number of bathrooms as the most influential predictors of house prices, with square
footage leading at a correlation of around 0.76 (jad.shahroodut.ac.ir).

Out[45]:
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In practice, this causes dominance in models because:

Features with high variance and direct correlation (like size) naturally attract the model's attention.
Linear regression or boosting models often rely heavily on the strongest univariate predictor unless complex interactions are explicitly
modeled.

model training / deploying and check for feature importance after feature enginnered data

engineered_df.shape

(10000, 22)

import numpy as np
from sklearn.model_selection import train_test_split

# --- 1. Setup features and target for engineered data ---
X = engineered_df.drop(['price', 'log_price'], axis=1)  # drop raw price & log_price to avoid leakage
y = engineered_df['log_price']  # using log_price for stability

# --- 2. Split Data ---
X_train, X_test, y_train, y_test = train_test_split(
    X,
    y,
    test_size=0.2,        # 20% test set
    random_state=42       # reproducibility
)

# Ensure y is 1D
y_train = np.ravel(y_train)
y_test = np.ravel(y_test)

# Verify split sizes
print(f"Training set: {X_train.shape[0]} samples")  
print(f"Test set: {X_test.shape[0]} samples")       
print(f"Training target: {y_train.shape[0]} samples") 
print(f"Test target: {y_test.shape[0]} samples")

In [51]:
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Training set: 8000 samples
Test set: 2000 samples
Training target: 8000 samples
Test target: 2000 samples

X_train.head()

squareMeters numberOfRooms hasYard hasPool cityCode cityPartRange made price_per_sqm price_per_room room_density to

9254 81531 57 0 1 53236 7 1990 100.062528 143126.280702 0.000699

1561 78731 88 0 0 78649 7 1991 100.068246 89528.103409 0.001118

1670 78004 71 1 1 39708 10 1990 100.209605 110095.070423 0.000910

6087 15727 25 1 0 17489 1 2007 100.311738 63104.108000 0.001590

6669 3190 59 0 0 35955 6 2004 100.996991 5460.684746 0.018495

y_train[:5]

array([15.91453399, 15.8796448 , 15.87177955, 14.27141761, 12.68287002])

from sklearn.preprocessing import StandardScaler

# Standardize input features
X_scaler = StandardScaler()
X_train_scaled = X_scaler.fit_transform(X_train)
X_test_scaled = X_scaler.transform(X_test)

# Standardize target (reshaping is still needed for scaler)
y_scaler = StandardScaler()
y_train_scaled = y_scaler.fit_transform(y_train.reshape(-1, 1))  # Removed .values
y_test_scaled = y_scaler.transform(y_test.reshape(-1, 1))       # Removed .value

# verifying data
print(f"{'='*100} \n X train data \n {X_train_scaled[:2]}")
print(f"{'='*100} \n X test data \n {X_test_scaled[:2]}")

In [53]:
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print(f"{'='*100} \n y train data \n {y_train_scaled[:2]}")
print(f"{'='*100} \n y test data \n {y_test_scaled[:2]}")

==================================================================================================== 
 X train data 
 [[ 1.1189976   0.22279829 -1.01460667  1.00652126  0.10022454  0.51428242
  -1.66971495 -0.19103824 -0.16238887 -0.1653245   1.5371143   0.15496756
  -0.89580466  0.67606662  1.66971495 -1.22741059  0.03892032  1.45656002
  -0.8982096   0.8062722 ]
 [ 1.02094519  1.2987203  -1.01460667 -0.99352099  0.97939221  0.51428242
  -1.56238092 -0.18833783 -0.24680655 -0.14251732  0.51103704  0.16692377
  -0.89580466 -0.46714475  1.56238092  0.21830271  0.03892032  0.14077761
  -0.89814131  0.77125358]]
==================================================================================================== 
 X test data 
 [[ 1.04973057 -1.5125598   0.98560362 -0.99352099 -0.5286123   0.86194673
  -1.02571079 -0.16672649  1.40418065 -0.19862074  0.30719197  0.17008651
  -0.89580466  0.67606662  1.02571079  0.21830271  0.03892032  1.39483616
  -0.89759471  0.78166155]
 [-0.43877509  0.98635584  0.98560362  1.00652126  0.2574251  -0.8763748
   1.44297182 -0.1077642  -0.31377781 -0.08723344  0.83650395  0.1102635
   0.00745187  0.67606662 -1.44297182  1.664016    0.03892032  0.06842838
   0.00188838  0.01584958]]
==================================================================================================== 
 y train data 
 [[0.81110781]
 [0.77577011]]
==================================================================================================== 
 y test data 
 [[0.78675318]
 [0.0139551 ]]

Question 3. Model development:  (after feature engineering)
develop at least three different regression models, use MAE, RMSE and R-squared as the evaluation metrics, use k-fold cross validation to
evaluate the model performance.

Step 2 Import require library
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# Import regression models
from sklearn.linear_model import Ridge          # L2-regularized linear regression (prevents overfitting)
from sklearn.ensemble import RandomForestRegressor  # Ensemble of decision trees (handles non-linear relationships)
from sklearn.svm import SVR                    # Support Vector Machine for regression (works well with small datasets)

# Import model selection tools
from sklearn.model_selection import cross_val_score  # Evaluate score using cross-validation
from sklearn.model_selection import KFold            # K-fold cross-validation iterator
from sklearn.model_selection import GridSearchCV     # Exhaustive search over specified parameter values

# Import evaluation maaaetrics
from sklearn.metrics import mean_absolute_error    # Average absolute difference between predictions and true values
from sklearn.metrics import mean_squared_error     # Average squared difference (penalizes large errors more)
from sklearn.metrics import r2_score               # Coefficient of determination (1.0 = perfect prediction)

# Import data processing libraries
import numpy as np    # Fundamental package for numerical computing
import pandas as pd   # Data manipulation and analysis library

Step 3 Define Models & Hyperparameter Grids

# Dictionary containing regression models and their hyperparameter grids
models = {
    # Ridge Regression (L2 regularization)
    'Ridge': {
        'model': Ridge(),  # Base model instance
        'params': {
            'alpha': [0.1, 1.0, 10.0, 100.0]  # Regularization strength (higher = more penalty)
        }
    },
    
    # Random Forest Regressor (ensemble method)
    'RandomForest': {
        'model': RandomForestRegressor(random_state=42),  # Set random state for reproducibility
        'params': {
            'n_estimators': [50, 100],  # Number of trees in the forest
            'max_depth': [5, 10, None]  # Maximum tree depth (None = no limit)
        }
    },

In [57]:
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    # Support Vector Regression
    'SVR': {
        'model': SVR(),  # Base support vector regressor
        'params': {
            'C': [0.1, 1, 10],  # Regularization parameter
            'kernel': ['rbf', 'linear']  # Kernel type for non-linear relationships
        }
    }
}

4. Train, Cross-Validate, Tune, and Store Results
from sklearn.metrics import r2_score, mean_absolute_error, mean_squared_error
from sklearn.model_selection import KFold, GridSearchCV
import numpy as np

def evaluate_model(model, X_train, y_train_scaled, X_test, y_test_scaled, y_scaler):
    """Evaluate regression model with metrics in original price units."""
    
    # Predictions in scaled space
    y_train_pred_scaled = model.predict(X_train)
    y_test_pred_scaled = model.predict(X_test)
    
    # Convert back to original price units
    y_train_pred = y_scaler.inverse_transform(y_train_pred_scaled.reshape(-1, 1)).ravel()
    y_test_pred = y_scaler.inverse_transform(y_test_pred_scaled.reshape(-1, 1)).ravel()
    y_train_orig = y_scaler.inverse_transform(y_train_scaled.reshape(-1, 1)).ravel()
    y_test_orig = y_scaler.inverse_transform(y_test_scaled.reshape(-1, 1)).ravel()

    # Metrics
    train_r2 = r2_score(y_train_orig, y_train_pred)
    test_r2 = r2_score(y_test_orig, y_test_pred)
    train_mae = mean_absolute_error(y_train_orig, y_train_pred)
    test_mae = mean_absolute_error(y_test_orig, y_test_pred)
    train_rmse = np.sqrt(mean_squared_error(y_train_orig, y_train_pred))
    test_rmse = np.sqrt(mean_squared_error(y_test_orig, y_test_pred))

    return {

In [59]:
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        'Train R2': train_r2,
        'Train MAE': train_mae,
        'Train RMSE': train_rmse,
        'Train Accuracy (%)': train_r2 * 100,
        'Test R2': test_r2,
        'Test MAE': test_mae,
        'Test RMSE': test_rmse,
        'Test Accuracy (%)': test_r2 * 100,
        'Train-Test R2 Gap': train_r2 - test_r2
    }

# ----------------- Training Loop -----------------
results = []
kfold = KFold(n_splits=5, shuffle=True, random_state=42)

best_model = None
best_test_r2 = float('-inf')

for name, mp in models.items():
    print(f"\nTraining {name}...")
    grid = GridSearchCV(mp['model'], mp['params'], cv=kfold, scoring='neg_mean_squared_error')
    
    y_train_flat = np.ravel(y_train_scaled)
    grid.fit(X_train_scaled, y_train_flat)
    
    model_instance = grid.best_estimator_

    metrics = evaluate_model(
        model_instance,
        X_train_scaled, y_train_scaled,
        X_test_scaled, y_test_scaled,
        y_scaler
    )

    # Track best model
    if metrics['Test R2'] > best_test_r2:
        best_test_r2 = metrics['Test R2']
        best_model = model_instance
    
    results.append({
        'Model': name,
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        'Best Params': grid.best_params_,
        **metrics,
        'CV MSE (Mean)': -grid.cv_results_['mean_test_score'].mean()
    })

# Show results
import pandas as pd
results_df = pd.DataFrame(results)
print("\nBest model based on Test R2 score:")
print(best_model)
print("\n📊 Model Performance:")
print(results_df)

Training Ridge...

Training RandomForest...

Training SVR...

Best model based on Test R2 score:
Ridge(alpha=0.1)

📊 Model Performance:
          Model                               Best Params  Train R2  \
0         Ridge                            {'alpha': 0.1}  0.999999   
1  RandomForest  {'max_depth': None, 'n_estimators': 100}  0.999984   
2           SVR              {'C': 1, 'kernel': 'linear'}  0.997129   

   Train MAE  Train RMSE  Train Accuracy (%)   Test R2  Test MAE  Test RMSE  \
0   0.000332    0.000859           99.999924  0.999999  0.000352   0.000862   
1   0.000739    0.003992           99.998365  0.999910  0.001965   0.009604   
2   0.046285    0.052898           99.712941  0.997250  0.046616   0.053230   

   Test Accuracy (%)  Train-Test R2 Gap  CV MSE (Mean)  
0          99.999928      -3.484903e-08       0.000422  
1          99.991048       7.316847e-05       0.000210  
2          99.724994      -1.205317e-04       0.032436  

results_dfIn [60]:
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Model Best Params Train R2 Train
MAE

Train
RMSE

Train
Accuracy

(%)
Test R2 Test

MAE
Test

RMSE

Test
Accuracy

(%)

Train-Test
R2 Gap

CV MSE
(Mean)

0 Ridge {'alpha': 0.1} 0.999999 0.000332 0.000859 99.999924 0.999999 0.000352 0.000862 99.999928 -3.484903e-
08 0.000422

1 RandomForest

{'max_depth':
None,

'n_estimators':
100}

0.999984 0.000739 0.003992 99.998365 0.999910 0.001965 0.009604 99.991048 7.316847e-
05 0.000210

2 SVR
{'C': 1,

'kernel':
'linear'}

0.997129 0.046285 0.052898 99.712941 0.997250 0.046616 0.053230 99.724994 -1.205317e-
04 0.032436

import matplotlib.pyplot as plt

# Make sure the DataFrame is available
df = pd.DataFrame(results)

# Set plot size and styling
plt.rcParams['figure.figsize'] = (10, 6)

# 1. Train vs Test Accuracy
plt.figure()
df.plot(x='Model', y=['Train Accuracy (%)', 'Test Accuracy (%)'], kind='bar')
plt.title('Train vs Test Accuracy (%)')
plt.ylabel('Accuracy (%)')
plt.xticks(rotation=0)
plt.grid(axis='y')
plt.tight_layout()
plt.show()

# 2. Train vs Test MAE
plt.figure()
df.plot(x='Model', y=['Train MAE', 'Test MAE'], kind='bar')
plt.title('Train vs Test MAE')
plt.ylabel('Mean Absolute Error')
plt.xticks(rotation=0)

Out[60]:
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plt.grid(axis='y')
plt.tight_layout()
plt.show()

# 3. Train vs Test RMSE
plt.figure()
df.plot(x='Model', y=['Train RMSE', 'Test RMSE'], kind='bar')
plt.title('Train vs Test RMSE')
plt.ylabel('Root Mean Squared Error')
plt.xticks(rotation=0)
plt.grid(axis='y')
plt.tight_layout()
plt.show()

# 4. Train-Test R2 Gap
plt.figure()
df.plot(x='Model', y='Train-Test R2 Gap', kind='bar', color='orange')
plt.title('Train-Test R2 Gap')
plt.ylabel('R2 Gap')
plt.xticks(rotation=0)
plt.grid(axis='y')
plt.tight_layout()
plt.show()

# 5. Cross-Validated MSE (Mean)
plt.figure()
df.plot(x='Model', y='CV MSE (Mean)', kind='bar', color='green')
plt.title('Cross-Validated MSE (Mean)')
plt.ylabel('MSE')
plt.xticks(rotation=0)
plt.grid(axis='y')
plt.tight_layout()
plt.show()

<Figure size 1000x600 with 0 Axes>
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import numpy as np

# 1. First convert all dict-type columns to strings
for col in df.columns:
    if df[col].apply(lambda x: isinstance(x, dict)).any():
        df[col] = df[col].astype(str)

In [62]:
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# 2. Now check duplicates
print(f"Duplicate rows: {df.duplicated().sum()}")

# 3. Check for near-duplicates (if numerical data)
numeric_cols = df.select_dtypes(include=[np.number]).columns
print(f"Near-duplicates (tolerance=0.01): {df.duplicated(subset=numeric_cols, keep=False).sum()}")

Duplicate rows: 0
Near-duplicates (tolerance=0.01): 0

# Check for features that perfectly/mostly predict price
for col in X.columns:
    corr = np.corrcoef(X[col], y)[0,1]
    if abs(corr) > 0.99:  # Nearly perfect correlation
        print(f"⚠️ Suspicious feature: {col} (corr={corr:.4f})")
        
    # Check if any feature is a transformed version of price
    if np.allclose(X[col], y/y.mean(), rtol=0.01):
        print(f"🚨 LEAKAGE: {col} is a scaled version of target!")

⚠️ Suspicious feature: log_sqm (corr=0.9999)

Question 4. Feature importance: (after feature engineering)

identify which features more influence housing price, use model specific methods (e.g., feature importance in tree-based methods) or
other statistical methods (e.g., SHAP values).

import pandas as pd
import matplotlib.pyplot as plt
import numpy as np

# Assuming X_train is your original training data before scaling
feature_names = X_train.columns
coefficients = best_model.coef_

# Create DataFrame
coef_df = pd.DataFrame({
    'Feature': feature_names,
    'Coefficient': coefficients,

In [63]:
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    'Absolute Coefficient': np.abs(coefficients)
})

# Sort by absolute importance
coef_df = coef_df.sort_values(by='Absolute Coefficient', ascending=False)

# Display top 10 features
display(coef_df.head(10))

# Plotting
plt.figure(figsize=(10, 6))
plt.barh(coef_df['Feature'].head(10), coef_df['Coefficient'].head(10))
plt.xlabel('Coefficient Value')
plt.title('Top 10 Influential Features - Ridge Regression')
plt.gca().invert_yaxis()
plt.tight_layout()
plt.show()

Feature Coefficient Absolute Coefficient

19 log_sqm 1.009052 1.009052

7 price_per_sqm 0.018106 0.018106

18 value_density -0.009040 0.009040

12 amenity_score 0.008989 0.008989

0 squareMeters 0.001199 0.001199

16 size_category 0.000711 0.000711

9 room_density 0.000517 0.000517

17 premium_space -0.000371 0.000371

13 luxury_score 0.000268 0.000268

2 hasYard 0.000107 0.000107
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Before vs After Feature Engineering – Ridge Regression Coefficients

Before Feature Engineering
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Rank Feature Coefficient Notes

1 squareMeters 0.999995 Dominant predictor — raw size almost entirely determines the price.

2 floors 0.000552 Negligible effect.

3 hasYard 0.000524 Almost no influence.

4 hasPool 0.000524 Almost no influence.

5 cityPartRange 0.000051 Essentially irrelevant.

6 isNewBuilt 0.000022 Essentially irrelevant.

7 hasStormProtector 0.000018 Essentially irrelevant.

8 made -0.000010 No meaningful effect.

9 cityCode -0.000010 No meaningful effect.

10 garage 0.000009 No meaningful effect.

Observation:
The model was almost entirely reliant on one raw feature ( squareMeters ), with all other predictors contributing virtually nothing. This
suggests severe feature imbalance and potential underutilization of available data.

After Feature Engineering

Rank Feature Coefficient Notes

1 log_sqm 1.009052 Still size-related, but transformed to capture diminishing returns and scale effects.

2 price_per_sqm 0.018106 Adds a market-rate dimension — wasn’t present before.

3 value_density -0.009040 Negative link hints at over-saturation effects.

4 amenity_score 0.008989 Brings in quality/location amenities.

5 squareMeters 0.001199 Raw size effect remains, but is no longer dominant.
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Rank Feature Coefficient Notes

6 size_category 0.000711 Minor categorical contribution.

7 room_density 0.000517 Reflects space usage efficiency.

8 premium_space -0.000371 Slight negative influence.

9 luxury_score 0.000268 Small premium quality effect.

10 hasYard 0.000107 Minimal but retained.

Observation:

Diversity in predictive factors increased — instead of 99% reliance on a single raw size measure, the model now draws from multiple
engineered features.
log_sqm replaced raw squareMeters as the main driver, which is statistically better behaved and interpretable.
New features like price_per_sqm , amenity_score , and value_density  now carry measurable influence.
Smaller coefficients suggest a more regularized and balanced model, less prone to overfitting on one dimension.

Key Changes
1. Before: Model ≈ "Just predict price from square meters."
2. After: Model incorporates size, value density, amenities, and market price ratios, giving it more nuanced explanatory power.
3. Impact on Coefficients: Shift from a single overpowering predictor to a spread of moderate predictors.
4. Benefit: Likely improved generalization and interpretability.

5. Model deployment: (featured data)

Develop a simple web demo application using appropriate packages (e.g., gradio, Flask or Streamlit). Allow users to input property
features and receive price predictions.

# 1️⃣ Imports
import pandas as pd

In [66]:
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import numpy as np
from sklearn.linear_model import Ridge
from sklearn.preprocessing import StandardScaler
import gradio as gr

# 2️⃣ Use your existing engineered DataFrame
df = engineered_df.copy()

# 3️⃣ Features & Target
X = df.drop(['price', 'log_price'], axis=1)
y = df['price']

# 4️⃣ Scale features
scaler = StandardScaler()
X_scaled = scaler.fit_transform(X)

# 5️⃣ Train Ridge Regression
model = Ridge(alpha=0.1)
model.fit(X_scaled, y)

# 6️⃣ Prediction function with raw → engineered conversion
def predict_price(squareMeters, numberOfRooms, hasYard, hasPool, cityCode, cityPartRange, made,
                  amenity_score, luxury_score, property_age, modernity_score,
                  size_category, premium_space, value_density):

    # Base row from user
    row = {
        "squareMeters": squareMeters,
        "numberOfRooms": numberOfRooms,
        "hasYard": hasYard,
        "hasPool": hasPool,
        "cityCode": cityCode,
        "cityPartRange": cityPartRange,
        "made": made,
        "amenity_score": amenity_score,
        "luxury_score": luxury_score,
        "property_age": property_age,
        "modernity_score": modernity_score,
        "size_category": size_category,
        "premium_space": premium_space,
        "value_density": value_density
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    }

    # Engineered features (same logic as in training)
    row["price_per_sqm"] = 0
    row["price_per_room"] = 0
    row["room_density"] = numberOfRooms / squareMeters if squareMeters else 0
    row["total_extra_space"] = squareMeters - (numberOfRooms * 20)
    row["livable_space_ratio"] = (squareMeters - row["total_extra_space"]) / squareMeters if squareMeters else 0
    row["log_sqm"] = np.log1p(squareMeters)

    # Convert to DataFrame for prediction
    input_data = pd.DataFrame([row])[X.columns]
    input_scaled = scaler.transform(input_data)
    prediction = model.predict(input_scaled)[0]

    # -------------- Dynamic Happy Case ----------------
    happy_case_row = row.copy()
    for col in ["hasYard", "hasPool", "amenity_score", "luxury_score", "premium_space"]:
        happy_case_row[col] = X[col].median()

    happy_case_data = pd.DataFrame([happy_case_row])[X.columns]
    happy_case_scaled = scaler.transform(happy_case_data)
    happy_case_pred = model.predict(happy_case_scaled)[0]

    # -------------- Dynamic Edge Case -----------------
    edge_case_row = row.copy()
    for col in ["hasYard", "hasPool", "amenity_score", "luxury_score", "premium_space"]:
        edge_case_row[col] = X[col].max()

    edge_case_data = pd.DataFrame([edge_case_row])[X.columns]
    edge_case_scaled = scaler.transform(edge_case_data)
    edge_case_pred = model.predict(edge_case_scaled)[0]

    return (
        f"₹ {prediction:,.2f}",
        f"₹ {happy_case_pred:,.2f}",
        f"₹ {edge_case_pred:,.2f}"
    )

# 7️⃣ Gradio Inputs
inputs = [
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    gr.Number(label="squareMeters", value=100),
    gr.Number(label="numberOfRooms", value=3),
    gr.Radio([0, 1], label="hasYard", value=0),
    gr.Radio([0, 1], label="hasPool", value=0),
    gr.Number(label="cityCode", value=75000),
    gr.Number(label="cityPartRange", value=3),
    gr.Number(label="made", value=2010),
    gr.Number(label="amenity_score", value=5),
    gr.Number(label="luxury_score", value=3),
    gr.Number(label="property_age", value=10),
    gr.Number(label="modernity_score", value=7),
    gr.Number(label="size_category", value=1),
    gr.Number(label="premium_space", value=1),
    gr.Number(label="value_density", value=50)
]

# 8️⃣ Launch Gradio App
gr.Interface(
    fn=predict_price,
    inputs=inputs,
    outputs=[
        gr.Textbox(label="Your Property Price"),
        gr.Textbox(label="Happy Case Price (Median Features)"),
        gr.Textbox(label="Edge Case Price (Max Features)")
    ],
    title="🏠 Housing Price Estimator – Ridge Regression",
    description="Enter property details to estimate housing price.\n"
                "Happy Case tweaks your input to typical median property values for nicer features.\n"
                "Edge Case tweaks your input to maximum possible values for those features."
).launch()

* Running on local URL:  http://127.0.0.1:7861
* To create a public link, set `share=True` in `launch()`.

09/08/2025, 18:00 Task5_extension_final

file:///C:/Users/Chirag Pc/Downloads/Task5_extension_final.html 159/166



🏠 Housing Price Estimator – Ridge Regression
Enter property details to estimate housing price. Happy Case tweaks your input to typical median property values for

nicer features. Edge Case tweaks your input to maximum possible values for those features.

100

3

0 1

0 1
Flag

squareMeters

numberOfRooms

hasYard

hasPool

cityCode

Your Property Price

Happy Case Price (Median Features)

Edge Case Price (Max Features)

📝 Housing Price Estimator – Current Behavior & Observations

1. Functionality
The Gradio app successfully runs and produces three outputs for any given property input:

Out[66]:
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1. Your Property Price → Prediction for the exact property described by the user’s inputs.
2. Happy Case Price → Prediction for a property whose features are set to the median values of the dataset.
3. Edge Case Price → Prediction for a property whose features are set to the maximum values of the dataset.

2. Behavior During Testing
User Property Price changes correctly when we adjust inputs like squareMeters  and numberOfRooms .
Happy Case Price and Edge Case Price remain constant across different user inputs.

Reason:
Both Happy Case and Edge Case are computed once using fixed median/max values from the entire dataset, so they do not depend on
the user’s inputs.

3. Example from Testing
Test 1:

squareMeters  = 2,000,000
Your Property Price → ₹ 199,920,399.89
Happy Case → ₹ 199,927,347.01
Edge Case → ₹ 199,944,005.00

Test 2:

squareMeters  = 500,000
Your Property Price → ₹ 49,952,593.16
Happy Case → ₹ 49,957,059.02
Edge Case → ₹ 49,973,717.01

Observation:
Even though the squareMeters  input changed drastically, Happy Case and Edge Case stayed almost the same because they are based on
dataset-wide static values.
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4. Key Observations
Static Comparison Issue: Current Happy/Edge case values are dataset-based and independent of user inputs.
This can be unintuitive — users may expect these scenarios to relate to their own property.

5. Proposed Enhancement
Make Happy Case and Edge Case contextual to the user’s input:

Happy Case: Keep most user-entered details, but adjust certain features to median-like values (e.g., average amenities, moderate luxury
score, no extreme sizes).
Edge Case: Keep base user property but push certain features to their maximum realistic values (e.g., max amenities, max modernity,
larger size).

Benefit:
This allows users to compare their property with an improved/ideal version of their property, rather than with fixed generic dataset examples.

Screen shots
from IPython.display import Image, display

# Test 1 Screenshot
display(Image(filename=r"E:\2. MDS DEAKIN UNIVERSITY\3.SIG 720- Machine learning\TASK\Task 5\result_screenshot\1.JPG"))

# Test 2 Screenshot
display(Image(filename=r"E:\2. MDS DEAKIN UNIVERSITY\3.SIG 720- Machine learning\TASK\Task 5\result_screenshot\2.JPG"))

# Test 3 Screenshot
display(Image(filename=r"E:\2. MDS DEAKIN UNIVERSITY\3.SIG 720- Machine learning\TASK\Task 5\result_screenshot\3.JPG"))

In [67]:
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Key References

Feature Engineering Methodology
Zheng, A. and Casari, A. (2018) Feature Engineering for Machine Learning. Sebastopol, CA: O'Reilly Media.

[Key reference for feature transformation techniques like log transforms and interaction terms]
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Kuhn, M. and Johnson, K. (2019) Feature Engineering and Selection: A Practical Approach for Predictive Models. Boca Raton, FL: CRC Press.

[Critical for understanding target leakage prevention, cited in our data validation process]

Machine Learning Implementation
Géron, A. (2022) Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow. 3rd edn. Sebastopol, CA: O'Reilly Media.

[Primary reference for model evaluation metrics (R², MAE) and regularization techniques]

Pedregosa, F. et al. (2011) 'Scikit-learn: Machine learning in Python', Journal of Machine Learning Research, 12, pp. 2825-2830.

[For implementation of Ridge, RandomForest, and SVR models]

Data Preprocessing
VanderPlas, J. (2016) Python Data Science Handbook. Sebastopol, CA: O'Reilly Media.

[Cited for handling of missing data and categorical encoding decisions]RC Press.

============================== End of Task 5
====================================
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