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ABSTRACT RESULTS

* A 10,000 sq. ft. house in San Francisco, CA vs. a similar house in Stillwater, Oklahoma, would show a stark * Model comparison shows that LASSO regression has the least average squared error among all models and
difference in the real estate price of the house hence is chosen as the best model
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these houses most effectively.

* Average sale price for a house in the dataset is 180,412 and Root Avg. Squared error for LASSO model is
* The goal is to build a segmentation model to identify differentiating factors for houses which are 29 720

deterministic in the final house price

 LASSO regression also gave an adjusted R-square of 93%, which is an indicator of the variance explained by

METHODS model

 Data Preparation - Handle Outliers, Handle Skewness, Missing Values seatictice  Statistics Lebel Analysis of Variance
* Variable Selection — Decision tree, Stepwise Regression were used to understand variable importance with S oime rea e PR Smenes Fwere ¥ Vaue
respect to the target variable = mrrees o amm o e oo e Cewss
* Different Statistical Models - Five models were used — Decision Tree, Multiple Linear Regression, LASSO _— ' '
Regression, Gradient Boosting and Ensemble model Dependent fean 179336
= e o
g gl g AE (validatey  Sisalszsd
Do AT | B
[ Re ()] .
—  Important factors determined by the model were:
T - o Neighborhood
: : . o MS Subclass (1-Story, 2-Story, Duplex
* Model comparison module was used to identify the best model based on least Average squared error ( Y Y, Duplex)
: : : : : : o Lot size (Square Feet)
* Final set of predictor variables were used as base variables to cluster the houses into different segments to Numb fB ’ ' Above G ;
: : . - o Number of Bedrooms Above Groun
understand different profiles for the houses that were sold and their differentiating factors
o Basement Exposure (walkout or garden level walls)
ST N 773 Teamform 59 ot 2] orots o Garage Capacity (in terms of number of cars)
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o Exterior covering on house
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RESULTS CONTINUED (CLICK TO EDIT)

Using these predictors as bases and hierarchical cluster analysis using Ward’s method, 3 unique clusters
were obtained with distinct profiles

The 3 different clusters have unique differentiating factors which are highlighted below:
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CONCLUSIONS

* Inthe final model it is seen that Neighborhood, MSSubClass (type of dwelling such as 1-Story, 2-Story, Duplex), Lot
area, No. of Bedrooms, Basement Exposure (which refers to walkout or garden level walls), Garage car capacity,
Exterior covering on house, significantly affect the valuation of the home.

Segmentation highlights:

* Houses in segment 1 have less than average lot area, but bigger ground living area, 15t floor area and 2" floor area,
with garage parking capacity for 2 cars and have a higher mean sale price. Most of these houses are 2-story houses
that were built post 1946 and in College creek, Gilbert, Sawyer West, Somerset neighborhoods

* Houses in segment 2 have bigger than average lot area and 15t floor area, but no 2"? floor area, with garage parking
capacity for 2 cars and have an average sale price as the population. All of these houses are 1-story houses that
were built post 1946 and they are located mostly in North Ames, College Creek, Sawyer neighborhoods

* Houses in segment 3 have smaller than average lot area, 15t floor area and basement area, higher than average 2"
floor area and enclosed porch area, with garage parking capacity for 1 car. Their mean sale price is much lower than
the rest of the houses. All of these houses are 1.5-story houses that were built prior to 1945 and they are located
mostly in Old Town, Brookside, lowa DOT and Railroad, Edwards neighborhoods

 Houses that were remodeled more recently, with bigger ground living area, basement, garage capacity of at least 2
cars and in College Creek, Gilbert, Sawyer West and Somerset neighborhoods have higher sale price than average.

Lot area and enclosed porch aren’t that important, however houses with 2-story have higher sale price compared to
1-story houses with similar features
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