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Introduction

Home flipping is economically sexy... is it?
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=  20% profit is the break-even point. AND FLIP THeM.

=> 28% of home flippers lose money.

Successful flips require thorough research &
in-depth analysis of the housing market.
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Let’s talk data.

Value

-

fair price
overvalued
undervalued

Ames, IA
= 28 neighborhoods

> 4 years (2006 - 2010)

=+ 78 features

=» 2500 observations

But the data is so dirty... what to do?




PreprOCGSSi ng: Cleaning the data

Data Selection

e Removed collinear features (for linear models)
e Removed extremes / outliers in target (SalePrice)

Data Preprocessing

e Different models require different preprocessing
o 3 separate data variants

Data Transformation
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e Standardization: X' — 1
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Featu re Engineering: Cleaning the data

Public School Ratings in Ames
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The when & where.



DiSCOVG I‘y: Tis the season to be wealthy.

Home Purchases by Season
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Seasonality directly impacts
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DecomPOSition: Time is a series of fluctuating variables.

Decomposed Seasonal Trend of Home purchases in Ames
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* Trend also plays a significant factor to the prices of homes



ege
ReS“lency: Don’t buy the house; buy the neighborhood.

Neighborhoods with an Uptrend during Recession
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Some neighborhoods are
more recession-proof
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FO recaSting: | see, with my erystatbat charts and graphs.
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Forecasting Home Prices in Ames
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Adjusting for differencing,
seasonality & trend can
help forecast future prices
and predict optimal timing
to buy / sell more efficiently.



The what.



MOdeI SCOI‘GS: Summarizing the summary of the summary.

Model Cross-Validated R? Hyperparameters Preprocessing
(test set)
Lasso 0.920 (CV =10) a:1.00

' 1. Removed Collinearity
Ridge 0.905 (CV =10) a:100 2. Dummified nominal

2. Standard Scaled

Elastic Net 0.903 (CV =10) a:le-5

SVR 0.945 (CV = 5) C:10,
£:0.04,
y:0.002

1. Label Encoding -
2. Standard Scaled d | Data Scientist

Random Forest 0.912 (CV = 5) Trees : 500 K= = 1 o

Depth: 10 |

Sample Leafs : 2 I

Sample Split: 5 LI - RS his overfitting? il
3 oy i x

1. Label Encoding

Gradient Boosting 0.941(Cv=3) Trees : 10K
Learning Rate : 01
Depth: 3

Sample Leafs : 1
Sample Split: 2

1. Label Encoding
2. Standard Scaled

Stacked Model 0.946 (CV =5) GB, SVR and RF 1. Label Encoding
2. Standard Scaled * App uses Lasso model




Model Performance v. Features
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Penalized Reg I‘eSSiOI'IZ Lasso, Ridge, Elastic Net.

Top Important Features, Lasso:
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Tl‘eeS: Random Forest, Gradient Boosting

Top Important Features, Gradient Boost:

= Random Forest
== Gradient Boosting
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Support Vector Regression: rsr«eme

Top Important Features, SVR:
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StaCked MOdeI: Power Rangers, Unite!

Top Important Features, Stacked:
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The how.



CIOSing ThOLIg htS: The most important features from Stacked Model

GrLivArea

OverallQual

TotalBsmtSF

Focus on building
structure. Choose
single-story homes with
potential to expand
upwards to increase
square footage.

While looking for
worn-down.homes, pay
attention to the
building’s matetial
quality. Brownie‘points if
they have._an exterior
with cement bedding.

While it may be difficult
to increase basement
square footageyit’s
moderately correlated
with basement quality
and condition:

But don’t take our word for it. See for yourself!
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(click to access the playground)

Buy home 7

Sell home
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