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Core skills for development,de-
sign and planning are shifting

to encompass analytics in data
science and machine learning.
This seven week mini-course
aims to introduce you to the
principles of data science and
machine learning that are im-
pacting the domain of real es-
tate today. In the course, we

will hear from data scientists
across technology companies,
learn core data science in R, and
produce predictive analytics
using machine learning tech-
niques. The class is intended for
students with some knowledge
of data science, but are seeking
to learn more. Core knowledge
of Ris welcome







a big why

Your Best Teammate Might
omeday Be an Algorithm...

A new program from Google seeks ways for Al systems to work more effectively with
humans.

by Will Knight
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alocal why

here are people looking for homes

A

In August 2006, real estate search
site Trulia had 609,000 visitors.
Five years later, there were 27
million. Trulia’s most recent vi-
sualization shows this growth (bot-
tom bar graph) and where people are
searching for homes (map). Press
play and watch it go. It’s pret-

ty much population density, but for
me, the method is more interesting
than the material in this case.

Source: Trulia via @shashashasha,
Flowing Data, https://flowingdata.
com/2012/01/066/where-people-are-
looking-for-homes/

lir @
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a shared why

In some cases, the building shapes
generated by Microsoft’s automat-
ed process do not match the exist-
ing building footprints exactly. We
manually corrected as many of these
mistakes as we found, or, where
available, replaced the shapes us-
ing more precise local data sets.
Data was unavailable for much of
Alaska.

Source: https://www.nytimes.com/in-
teractive/2018/106/12/us/map-of-ev-

ery-building-in-the-united-states.

html
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A MAP OF EVERY BUILDING IN
AMERICA
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Wide Data - A Geometric, Geospatial
Relationa[ Diltabe_ls of NYC

The MIT Real Estate Innovation Lab E At TRt el ",
is working with public and private i
data providers to create a wide
data approach for linking design
and innovation to financial perfor-
mance in the built environment.

: e Tt BN g : Smart, Connected &
In this R&D project we are explor- Y = . MR R e, 0 oo Green Buildings (REIL) .~
ing the data science that connect ¥ eaaal L e p 1‘i‘1‘¢1¢
design to the capital stack. This - . ey, A : £ i AL i
means combining geometry, to geo- : T i e _ 5 - “4Cell Towers (GeaTel)
spatial and relational database : ' B . -
structures to create insights about
the value of innovation in the

built environment.

The data spans over 15 years with

over 3,000 variables across 200 , i - Al T~ et ey : -

datasets and 18 data providers. Our S e - : R gl i e s Office & Retail Tenancy
lab approaches financial perfor- o SO S Y e T ol T T by Floor (Compstak]
mance and economic growth questions : T e : i i} e

from an interdisciplinary analysis B
approach, where design and planning =) HODZ Bullding Geomneiry
metrics carry just as much weight _ AL e R 0 : : L < (NYCDelTT)

as financial and economic perfor- : R 1: o o 8 T e e R -MapPLUTO Parcel Data

Public & Institutional
Facilities (NYCDCP)

Source: MIT Real Estate Innovation
Lab

Parking Lots (NYCDCP)
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Real Estate Analytics for 21st Century Cities

our why

The real estate asset class is

deeply physical and also contextu-

al.

AL SEce Transactions, 2000 - 2018

B=

demand

Understanding supply,

. 1°t Repeat

and pricing characteristics relies
on understanding the physical na-

. 24 Repeat

. 3 Repeat

@ 4" Repeat

(:) 7+ Repeats

its relation-

ship to other characteristics of

ture of the building,

the city and the abstract elements
of supply and demand of its stake-

holders.

Data has become more relevant than
ever to deconstruct what we can and

cannot measure.

jrmar

MIT Real Estate Innovation

Source:
Lab




SO we are going to need to
develop some skills

Skills, technologies and physical
capital are even more diverse than
in the traditional data science and
machine learning domain.

Real Estate is a physical asset,
made up of a complex bundle of ab-
stract processes and physical at-
tributes and brought together by a
random, semi-permant group of ac-
tors.

In general:

For 21st century
real estate:

lir @

Data Science and Machine Learning for

Real Estate

) /\‘
/ ~

Human Capital:

e Data Scientists
e Statisticians
e Econometricians

e Computational
Architects

e Geospatial Scientists

e Urban Econometricians

Data Science and Machine Learning for Real Estate

-

) /_\\
N

Programs:

Q

e Relational Database
e Statistical Program
(R, Python, Stata)

e Geospatial & Geometry
Processing

e Custom CAD-GIS
interoperability

e Post GIS

e Web-mapping FrontEnd

=

”’Physical Capital:‘
o
\\\\\\WM/////

e Cloud Computing
e Local Workstations

e Advanced Graphics
Cards

e Large Data Storage
Capacity

e Larger Computing RAM

Lecture



alittle expertise and practice
to get the skills flowing...

A Date

April 02

April 09

April 16

April 23

April 30

May 07

May 14

lir @

& Lecture

Introductory Lecture - Data Science and Machine
Learning Principles - by br. Andrea Chegut

Industry Insights from the CRE Data Buffett - by
Steve Weikal Head of Industry Relations and REI
Lab CRE Tech Lead, Center for Real Estate

Data Science from a Source - by Vice President of
Data Science, CompStak, Wayne Yu

Machine Learning vs. Econometric Tools - by
Mossimo Young , Director, Head of Data Solutions,
Investment Management BNY Mellon

Machine Learning Applications - by Dr. Alex van
o Minnie , Head of the MIT Price Dynamics
Platfarm, MIT Center for Real Estate

Machine Learning Applications - by ZJohn Poulin ,
SVP of Technology, Real Capital Analytics

The Ethics and Responsibility of Data Science
and Machine Learning for Real Estate - by br.

Andraa Chegut

This class

& Exgrcise

Data Science ToolKit part one: getting
started with R Studio (TA: Yair Titelboim)

Data Science ToolKit part two: intro to
the tidyverse [TA: Yair Titelboim).

Clustering and Anomaly Detection:
detecting with tidyverse, cluster and
and clusplot (TA: Yair Titelboim and Dr.
Andrea Chegut).

Machine Learning Toolkit (Price
Prediction) part one: prototyping with
tidvverse and factoextra (TA: Yair
Titelboim)

Machine Learning Toolkit (Price
Prediction) part twa: introducing the
caret package (TA: Yair Titelboim)

ML Algos part two: Implementing
predictive performance, deural Network
Models in R

Presentations(discussion) and
summary

Data Science and Machine Learning for Real Estate

= Readings

read Data Science by John D. Kelleher and
Brendan Tierney ( a part of the MIT Press
Essential Knowledge Series) - Chapters 1-3

pead Data Science by John D, Kelleher and
Brendan Tiernay [ a part of the MIT Press
Essential Knowledge Series) - Chapter 5

Focus on Assignment

Read Machine Learning by Ethem Alpaydin [ a
part of the MIT Press Essential Knowledge
Series) - Chapters 1and 2

Read Machine Learmning by Ethem Alpaydin [ a
part of the MIT Press Essential Knowledge
Series) = Chapters 3 and 4

Focus  on Assignment

Focus On Assignment

Lecture

= Logistics

- Form Groups Install R

= practice Data Science Tools in R using
TidyWVerse,

- submit TidyVerse graphical cutcomes
and explanations of outcomes by April
23, 2019.

- Submit Clustering and Anomaly
Detection exercise and explanations by
April 30, 2019.

= Practice Machine Learning Price
Predictions.

- submit Machine Learning Predictive
Performance Exercise by May 14, 2019.

- Submit One page predictive summary
utilizing data to tell a predictive story
about commercial real estate by May 25,
2019,



data science and machine
learning tour guides

lir @

MUSE:

Greg

your instructors

INSTRUCTOR:
Dr. Andrea Chegut

Research Scientist

Director of the MIT Real Estate Innovation Lab
Head of Research DesignX

Research Coordinator Center for Real Estate

Financial Economist by training, practicing asset
valuation models for innovation in real estate

Data Science and Machine Learning for Real Estate

TEACHING ASSISTANT
Yair Titelboim

Computational Planner
Lead Researcher MIT Technology Tracker - Live
Cataloging Division

Architect by training, practicing data scientist
for planning, design and asset valuation...oh and
scrapping for measuring technological change

Lecture



readings

Buy your books here:

https://mitpress.mit.edu/books/da-
ta-science

https://mitpress.mit.edu/books/ma-
chine-learning

Optional readings:

Please see the list of optional
readings on the Stellar site. Ac-
ademic and industry papers high-
lighting the developments of ma-
chine learning applications in zreal
estate.

lir @

Some books for core knowledge

DATA SCIENCE

Data Science and Machine Learning for Real Estate

MACHINE LEARNING

ETHEM ALPAYDIN

groori1e10110000a17
grioooiiarioroooniiraloo
011017110071 10070700100000
01001100071100701071100001
011100100711011100711071001
011011100711 00111000071 101
ooooI010

THE MIT PRESS ESSEMTIAL KNOWLEDGE SERIES

Lecture
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expertise

lir @

Data Scientists, Machine Learning Ex-
perts, Technologists and Econometricians

Steve Weikal Dl:. Al_ex van De Wayne Yu
Minnie
Head of In- Vice Presi-
dustry Re- Head of the dent of Data
lations and MIT Price Science,
REI Lab CRE Dynamics CompStak
Tech Lead, Platform,
Center for MIT Centerx
Real Estate for Real Es-
tate
Mossimo Young John Poulin Dr. Schery
Bokhari
Director, SVP of
Head of Data Technology, Head of
Solutions, Real Capital Research,
Investment Analytics RedFin
Management
BNY Mellon

Data Science and Machine Learning for Real Estate

"



skills

Core skills require knowledge of
relational databases and datasets.

However, at minimium knowledge of
Python or R are necessary for mov-

ing foward with interactive compo-
nents.

Source: Indeed.com

lir @

Data Science Programming Skills

250 Jobs)
'

.....

The More Popular Data Science Software (>

essssidi]] |

.
10 £ )

Number of Data Science Jobs on Indeed com

Figure 1a. The number of data science jobs for the more popular software (those with
250 jobs or more, 2/2017).

For this class, we are going to de-
ploy R.

It is open source, with loads of
connectivity between statisticans,
geographers, economists and ad-
vanceing data science and machine
learning techniques.

Lecture
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skills

You will learn the tidy skills...

o

The R Tool Kit

Data Scie

o - P B
Data Science with Text Analysis & NLP Machine Learning
Special Topics « Tixt Mining with R (Baok): s Muli-Throaded/Seatable/Production ML:
. "LP:“ HEQ veord2ve: W:':;ﬂcﬁnw o ﬁﬁﬁmdlm Boosting: xgboos!
/1 o (aNisves: fast vactorzation, topic madeling o R +Spark: sparklyr (CS)
Time Series Analysis N ilos: LDEke op b i R g o ATV R T R
r S« ML garel (CS)
e i e L . Network Analysis

o

T Sieries Indes Surmimany. Dotk
Genpraling Fubune Senes: el

Forecasting

= ARIMA, ETS, olc: [Keecas! & lable
= Tidy, glance, augment lor forecast models: sween
= Commrding lomcas! pracciion 1o ibble: Swesn

Anomaly Detection
= (cdanlity andemakiers. goomaliae

I.n"

Financial Analysis

= Gatting financial data: lidyouant & quanimod

« Cuantitative Analysis: ligyvauant & xs/TI8

= Porifolio Analysis: tigyauani &
PerformanceAnakyiics

Financial & Time Viz

Deep Learning

& Metwork Data Transformations (Tidy): tidygragh

= Motwork Data Transliormations: igraph ¢ B intorfags o TonsorFlow Homopage:
| o Karas (C3)
Network Viz S

Speed & Scale

« Fasies! Single-Node Speed: datatable (CS)
» Distributed Cluster (Spark): sparkhr (C5)

e Riofly - nhml {network graphs) in R

Geospatial Analysis i
= Geocoding (getting lathong, bboxes, & si's): | ruperahl[lty
& GOman - AP (requires kiy) Python: raticuiate : plava
& HWHWMM| mmm:iﬁ = Cat: E:I:Iﬂ i
o imapiooks - OpenSirect Mominatum AP L
» Simple Features (3! obiects): sl (CS) (tiy) ; F .
= Spatial Objects (sp objects): sg (non-tidy) I I i
Miscellaneous Tools
Geospatial Viz « Intaractive Ploting: himiwidonis foc B
+ Bullding R Packages: B packages Book
s Siatic: k e Pig Dovelopment Tools: geviools (C5)
o QUMAR - Booghe AP (requines key) o R Templates: usethis
s Gemplolr - Imprassna Maps via OSM o Build Web Doc's: phedown
u Iman - Thematic Maps « Advanced Concepts (Advanted B Book)
(CS) - Thomatic Maps o dang.& Tidy Evaluation (CS)
" hlwmhﬂ: (JavaSripl). + Making Biogs & Books:
o |gaflet (C3) - alelis in R ¢ Make a Website/Biog: ppgdown
vﬂ!-nﬂ?-h!ﬂws}hﬂ e Write a Web Book: boghadown

Posting Code (GilHub, Stack Overflow). tegs

. S Business Science University
"Data Science Education for the Enterprise” @ @ Yorarc 1 university.business-sclence.ie




and some guided nudges to get
the job done...

Assignments are due one
week after lesson.

TO BE EXECUTED IN
TEAMS! ! I'!

(share the work don't
divide and conquer,
talk through it togeth-
er)

April 23, 2019
April 36, 2019
May 14, 2019
May 25, 2019

lir @

You need to submit assignments

|
i ]
o

April 02

April 09

April 18

April 23

April 30

May OF

May 14

Exercise

Data Science ToolKit part one: getting
started with R Studio (TA: Yair Titelboim)

Data Science ToolKit part two: intro to
the tidyverse [TA: Yair Titelboim).

Clustering and Anomaly Detection:
detecting with tidyverse, cluster and
and clusplet [TA: Yair Titelboim and Dr.
Andrea Chegut).

Machine Learning Toolkit (Price
Prediction) part one: prototyping with
tidyverse and factoextra (TA: Yair
Titelboim)

Machine Learning Toolkit (Price
Prediction) part two: intfroducing the
Caret package (TA: Yair Titelboim)

ML Algos part tweo: Implementing
predictive performance, Neural Network
Models in R

Presentations(discussion) and
summary

Data Science and Machine Learning for Real Estate

Readings

pead Data Science by John D. Kelleher and
Brendan Tierney ( a part of the MIT Press
Essential Knowledge Series) - Chapters 1-3

read Data Science by John D. Kelleher and
Brendan Tierney [ a part of the MIT Press
Essential Knowledge Series) - Chapter 5

Focus On Assignment

pead Machine Learning by Ethem Alpaydin { a
part of the MIT Press Essential Knowledge
Series) - Chapters 1and 2

Read Machine Learning by Ethem Alpaydin ( a
part of the MIT Press Essential Knowledge
Series) = Chapters 3 and 4

Focus on Assignment

Focus an Assignment

Lecture

Logistics

- Form Groups Install R

- practice Data Science Tools in R using
TidyVerse.

- submit TidyVerse graphical cutcomes
and explanations of cutcomes by April
23, 2019,

- submit Clustering and Anomaly
Detection exercise and explanations by
April 30, 2019.

= Practice Machine Learning Price
Predictions.

= submit Machine Learning Predictive
Performance Exercise by May 14, 2019.

- submit One page predictive summary
utilizing data to tell a predictive story
about commercial real estate by May 25,
2019,

14



A SHARED CONCEPTUAL FRAMEWORK



what is data science?

-.extracting non-obvious and
useful patterns from large data
sets.

-Kelleher and Tierney

lir @



Data Science is used for just
that...

lir @

Data science encompasses a
set of principles, problem defini-
tions, algorithms, and process-
es...but also takes up other chal-
lenges capturing, cleaning and
transforming...data.

-Kelleher and Tierney



But what are data?

a datum or piece of information
IS an abstraction of a real-world
entity (person, place, object,
event, emotion, values, etc.)...es-
tablish data attributes to form a
dataset.

-Kelleher and Tierney

lir @



data attributes

Data clas
tal skill

fy data or to work with categorical

and numer

and display will drive the whole of

your data
Numerical
does not
the real

However,
the most

IMPORTANT

The data type of an attribute of an

attribute

nal) affects the methods we can use
to analyze and understand the data.

-Kellherx

lir @

sification is a fundamen-
. Learning how to classi-

ical data for analytics
science experience.

data is ideal, but it
always exist to represent

data generating process.

categorical variables are
easy to develop.

(numeric, ordinal, nomi-

and Tierney, pg. 44

Data can be
classified into two
different types.

 diferent yees. |

Categorical values or Numerical values or observations
observations that can be that can be measured. And these
sorted into groups or inumbers can be placed in ascending
categories. Bar charts and pie or descending order. Scatter plots
graphs are used to graph and line graphs are used to graph
categorical data. numerical data.

Nominal values or observations can be
assigned a code in the form of a number

where the numbers are simply labels.
You can count but not order or measure
nominal data. Examples: Sex, and eye
colour.

pata Science ana iviacnine Learning 1or keal cstate

Ordinal values or observations can
be ranked (put in order) or have a
rating scale attached. You can count
and order, but not measure, ordinal
data. Example: house numbers and
swimming level.

Lectuure | Y



Data Science is really about the

wanging,ceannaanavvns  (GArbage in...garbage out.

-David Geltner

IMPORTANT

Two characteristics of data science lf Your Data ls Bad’ Your MaChine
cannot be overemphasized: Learnlng Tools Are Useless

(a) for data science to be success-
ful we need to pay a great deal of
attention to how we create our data

by Thomas C. Redman

(in texrms of both the choices we
make in designing the data abstrac- _ (0]

SUMMARY SAVE sHARE L Commant oM rexry size pint S8.95 sury cOris

tions and the quality of the data
captured by our abstraction pro-
cesses), and

(b) we also need to sense check the
results of the data science process
that is, we need to understand that
just because the computer iden-
tifies a pattern in the data this
doesn't mean that it is identifying
a real insight in the processes we
are trying to analyze.

-Kellher and Tierney, pg. 47

Illll 9 Data Science and Machine Learning for Real Estate Lecture 1



There are all sorts of rules about
data science and analysis and
then the data just goes and
breaks them...

IMPORTANT

Structured data are data that can
be stored in a table, and every
instance in the table has the same
structure (i.e., set of attributes)

Unstructured data are data where
each instance in the data set may
have its own internal structure,
and this structure is not necessar-
ility the same in every instance.
(e.g., webpages)

-Kellher and Tierney, pg. 48

lir @

Structured vs. Unstructured Data

Structured Data @ Unstructured Data

Can be displayed
in rows, columns and
relational databases

Numbers, dates
and strings

Estimated 20% of
enterprise data (Gartner)

Requires less storage

Easier to manage
and protect with
legacy solutions

Data Science &

Cannot be displayed
in rows, columns and
relational databases

Images, audio, video,
word processing files,
e-mails, spreadsheets

Estimated B0% of
enterprise data (Gartner)

Requires more storage

More difficult to
manage and protect
with legacy solutions

21



We are doing all of this to identi- m
raaeiaoeeniver StrUCtUred Data Forms a Matrix or
to EXPLAIN or PREDICT from Data Table

flights <- fread("flightsl4.csv")

What is it about this dataset that FllghtE
looks good so far?

i year month day dep delay arr delay carrier origin dest air _time distance hour
Flights data table in R. # 1: 2014 701 14 13 AA  JFK LAX 359 2475 9
H 2: 2814 1 1 = 13 AA JFK LAX 263 2475 11
3 }: 2814 1 1 2 g AA IFK LAX 351 2475 19
13 4: 2814 ] 1 -5 26 AA [GA PBI 157 1635 4
# 5: 2014 1 1 . 1 AA JFK LAX 358 2475 13
g SRR
¥ 253312: 2014 18 31 1. -30 UA LGA IAH 201 1416 14
# 253313: 20814 1e 31 -5 -14 LA EWK 1AH 189 1466 s
# 253314: 2814 10 31 S L€ MQ [GA RDU 53 351 11
# 253315: 2814 16 31 -4 15 MQ [GA DTW D 582 11
# 253316: 2814 18 31 > 1 M LGA SDF 118 655 8
dim(flights)
# [1] 253316 11

Illll 9 Data Science and Machine Learning for Real Estate Lecture1 22



IUs estimaled that

40 ZETTABYTES
3 THLIONGEABYTES 2.5 QUINTILLION BYTES

of data will be created by 2.3 TRILLION GIGASYTES |

2020, an increase of 300 of data are created each day

times from 2005 9 ©

The

Ty Wi A FOUR V,s
12v M of Big

phones

adg

From traffic patterns and music downioads 1o wet

ta

Most companies :n the
U.S. have at least

100 TERABYTES
100 009 CIGASYTES

of data stared

WORLD POPULATION: 7 BRLLION .
brazk big dala Into Tour dinw 1ons: Volume.,
Velocity, Variety and Veracity

- Modern cars have close 1o
= .. 100 SENSORS

The New York Stock Exchange
cagdures

1 TB OF TRADE (B Qij' that monitor items such as
INFORMATION "5 fuel level and fice pressure
during each trading session

Velocity -
ANALYSIS OF 4.4 MILLION IT JOBS
STREAMING DATA wil b created gobally to s

JIPPOI Dig Gate

wilh 1.2 malhior e Unitag Stales
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As of 2011, the global size of
data in healthcare was
estimated to be

150 EXABYTES
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30 BILLION
PIECES OF CONTENT

are shared on Facebook
oyery month

1 IN 3 BUSINESS
LEADERS

don't trust the information
they use 10 make decisions
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how much of their data was
inaccurate
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$3.1 TRILLION A YEAR

Sowcess MoKinsey Giotal Insbitute, Twater, Cisco, Gartner, EMC, SAS, 1BM, MEZFTEC, QAS

bl

l'-mll
.l
il
.



what is machine learning?

lir @

Machine learning focuses on the
design and evaluation of algo-
rithims for extracting patterns
from data.

-Kelleher and Tierney

Machine learnig and prediction
Is possible because the world
has regularities.

-Alpaydin



many tools to arrive at catego-
rization and prediction of an ex-
perience

Source: Machine Learning Mastery

lir @

Methods of Mlachine Learning

Deep Boltzmann Machine (DEM
Deep Belief Networks (DEN
Convolumonal Newral Network (CNN
Macked Ao-Emcoders
Random Forest
Cradent Boosting Machines (CEM)
8004ting
Bootstrapped Agoregation (Baggng)
AdaBtoost
Sacked Ceneralzaton (Blending)
Cradient Boosted Regression Trees (CBRT)
Radal Basts Function Network (RBFN

Perceptron

Deep Leaming

Ensemble

Newral Networks

Sack-Propagaton
Hopfield Network
Ridge Regression
Least Absolute Shrinkage and Selecton Operator (LASSON
ELstic Net
Least Angle Regression (LARS
Cubest
One Rule 1OmeR
Zero Rule (ZeroR
Repeated Incremental Pruning 10 Produce Error Reduction (RIPPER
Linear Regression
Ordinary Least Squares Regression (OLSR)
Stepwise Regression
MultvarQte Adaptive Regression Spines (MARS)
Locally Estimated Scatterpiot Smootheng (LOESS)

Logistic Regression

PaS

Data Science and Machine Learning for Real Estate

Regularzation

Rule System

Regression

Nawve Bayes
Averaged One-Dependence Estimators (ADOE)
Bayesan Behef Network (BBN)
Bayesiar
‘ Caussan Naive Bayes
Multmomial Naive Bayes
Bayesan Network (BN)
Classification and Regression Tree (CART)
Rerative Dichotomser 3 0D3)
4.5
5.0
Decision Tree )
Decrsion Stump
Condiioral Decision Trees
NS
Princpal Compoment Analysis (PCA)
Parval Least Squares Regression (PLSR
Sammon Mapping
Machine Learning Algorthms
Multidimensional Scaling (MDS
Projection Pursun

Princpal Component Regresson (PCR)
Dimensionaity Reduction

Partal Least Squares Discrimimant Anayvsis

Mocture Dscrminant Analyvsss IMDA)
Quadrate Duescriminant Analysis QDA

Regularized Discrminant Anakysis (RDA)

Flexibie Discrmimant Anakysis (FOA)
Linear Discriminant Analysis (LDA
k-Nearest Neighbour (kNN
Learning Vector Quantization (LVQ
nstance Based
Sel-Organizing Map (SOM)
Localy Weighted Learning (LWL
b-Meams
b-Meduam
Clusterning
[ xpectaton Maxmization

MWeerarcheal Chustereng

Lecture

Chi-squared Automatic imteracton Detecton (CHAID
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We have often been looking for
causaility or trying to approxi-
mate it, but now the movement
is shifting towards just pre-
dict as nothing is really exactly
causal....

Important

It is more than likely cor-
related or systemic, but
not exacting.

BUT nor is the prediction.
I have an expectation or

probability that something
will happen.

Source: Breiman (2001)

lir @

Econometrics vs. Machine Learning

Econometrics vs. machine learning

Econometrics

Machine learning

Approach statistical: data
generating process

Driver theory

Focus hypothesis testing &
interpretability

Model parameter significance &

choice in-sample goodness of fit

Strength understand causal
relationships & behavior

algorithmic model, DGP
unknown

fitting the data
predictive accuracy

cross-validation of
predictive accuracy on
partitions of data
prediction

See Breiman (2001) and Matt Bogard's blog

Data Science and Machine Learning for Real Estate

Lecture
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The distinction cannot be more
simple than what the tool is that
you need to employ.

IMPORTANT

Do you need to create a value prop-
sition, estimate a policy impact or
deconstruct what drives, demand,
supply or prices...

Econometrics

Do you need to forecast the future,
predict the risk and return of as-
set, or predict a future puzxrchase

decision?

Machine Learning

Source: Machine Learning and Artif-
ical Intelligence in Real Estate by
Jenny Conway

lir @

Statistical/Econometric Modeling

£ FCONOMFTRICS AND INSIGH T 5:
{ PDATA — CTATISTICAL MODELS — | APPROXIMATION
‘\ a OF CAUSALITY

Machine Learning

; FEATUIR [ o AT DI TIVT WO
f : MODEL e :
DATA ~ -
Al — P! =¥ | PARAMETERS £1
3 0 /
'\\ d
e __.-"'--
n froaihora statnstcol modeliog the output 15 g approxemnalion of causality based on ebserved
arfronersh R Frid
1 i i T I LRSI L TR T RS T W L0 P N T fhie eesdevaand Feecabipress et Lotk s l':'”"'l:rr'lrf'lllll'.'l'.l'l"rr'l L
that aofine the trade offs botween precison and stabdiy of the model. Trarmng the mode!
prosduces o ovedctve modded that can be used fo make prediciions for unlabeled data
Data Science and Machine Learning for Real Estate Lecture1

Approximate the past OR predict
the future

27



To employ either, we must un-
derstand elements of statistics

Ex - Ante

Can you say something about the
probability of something happening?

Probabilistic Outcome

e.g., coin toss

Can you not say something about the
probability?

Estimation

e.g., using data to either estimate

the predicted outcome or explain
previous outcomes

lir @

Randomness and probability

We expect consumers in general to follow certain
patterns in their decisions, depending on factors
such as the composition of their household, their
tastes, their income and so on. Still there are always
additional random factors that introduce variance:
vacation, change in weather, advertising, etc.

- Alpaydin, pg. 34

In statistics, we call these Omitted Variable Biases
OR Endogeneity

Data Science and Machine Learning for Real Estate Lecture 1 28



To employ either, we must un-
derstand elements of statistics

Ex - Ante

Can you say something about the
probability of something happening?

Probabilistic Outcome

e.g., coin toss

Can you not say something about the
probability?

Estimation

e.g., using data to either estimate

the predicted outcome or explain
previous outcomes

lir @

Supervised Learning

The task of estimating an output value from a set of

input values is called a regression in statistics...

and in machine learning a regression is one type of

supervised learning.

Data Science and Machine Learning for Real Estate

Lecture
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Machine learning has grown
over the last 50 years into an
explosive paradigm shift in how
we form expectations...

Methods
o

achine
earning

earning
Type

Source: Machine Learning and Artif-
ical Intelligence in Real Estate by
Jenny Conway

lir @

Data Science and Machine Learning for Real Estate

EXHIBIT 2
Machire Learming Types and Applicabons

image Classification | Support Vector
Recommendatipns | LUSTEMNE (SVL]

i | E-Pearest Nemhbors

W, |:'! Pl
Natural Language | fe oo Tras

Procesning | ==
1 BE

PRELITAl MNEDWONE

SUPERVISED
LEARNING

Valirhan Suppot Wector
gick | Maching [5VM)]
Groiwth Analysis :_'1r-_1r-'. ant Boosted
Maviral Metwoek
[ecrson lres
Random Forest

Linear Hegreasion

Construchan [Rabor
MNewganan)

| e

Decizion Moking
faT

Dot Mining | K Means
Geolacanon | Mean Shift
Falterns | =

Obrect Trackrngs Rhhoadedc
Irage Processing

UNSUPERVISED
LEARNING

Data Vesuaiizabon
[hata Compression
laT

vialune Funcison
bonte Carlo

Meural Nepworks

Lecture

Gaussian biture

SrEchral
Embaddng
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A visual
Introduction to
machine learning

+§ English >

In machine learning, computers apply statistical
learning techniques to automatically identify
patterns in data. These techniques can be used to
make highly accurate predictions.

Keep scrolling. Using a data set about homes, we
will create a machine learning model to distinguish
homes in New York from homes in San Francisco.

Source: http://www.r2d3.us/visual-intro-to-ma-
chine-learning-part-1/

Illll 9 Data Science and Machine Learning for Real Estate
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Now to get prepared...

lir @

Install R and Form Groups with
Yair

Data Science and Machine Learning for Real Estate Lecture1
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