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Module content and philosophy

Spatial modelling

 Data mining similuate and predict

» Response modelling to . [content]
N , consumer behaviour
e Microsimulation
« Agent-based modelling
Research and industry evaluate modelling |
to [philosophy]

case studies techniques in practice



Qutcomes

By the end of this module you should be able to

1. explain and critically evaluate the role of spatial analytics in
simulating and predicting consumer behaviours

2. apply geocomputational modelling and simulation techniques on
real data sets

3. devise and employ spatial modelling tools to address business
problems, presenting and justitying recommendations in an
appropriate context



Who's who

Roger Beecham
Assignment 1 | Convener

Jaigi Ge | Nick Malleson
Assignment 2

Rob Radburn
Guest lecturer




Guest Lecture

The Gender Authors Write About =
When They Write About Joy

How words characterise gender in fiction from 1850-2007

The viz uses data collected from 100,000 books of fiction Overall, gender divisions between characters have become less
between 1850-2007 then analysed by the universities of Illinois mafked_ﬂvefthe last 150 years. For example, note the dramatic en athors use words to deseribe -
and California to show the changing significance of gender in change in the use of “sex” and "lover” by gender. “Anger :
fiction over time. This viz specifically uses the words that O Anticipati
i i "apin: ipation
describe a character's actions or attributes by the gender of the Yet certain words remain genedered. Men "grin”and are © Disgust
character. "amused” while females are defined by "shopping” are "lovely” O reas
and "beautiful”. ®dor
I've joined these words to the NRC Word Emotion association O sadness
which maps the words to eight basic emotions. Words can One reason is the research showed that men remain “remarkably O Trust
appear across more than one emotion. What's left is just over resistant to giving women more than a third of the
character-space in their stories.”

1,000 words used over 100 million times since 1850. P Order Words by :

Alphabetic Order 2
% of word describing Male|Female characters each year from 1850-2007
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Rob Radburn
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Where & When

Lectures | Mondays

1400-1600

Roger Stevens LT 25
12.25

Labs | Wednesdays
0930-1230

Miall computing labs
10.19

1400-1700

Chemical and Process Engineering labs
GR.06
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Jiagi Ge |
Nick Malleson

Rob Radburn |
Roger Beecham

Roger Beecham

Qutline : Lectures

Session 1
Predictive Analytics & Microsimulation

Session 2
Response Modelling & Targeted Marketing

Session 3
Behavioural and Agent-based Models

Session 4

Guest Lecture

Session 5
Wrap-up



Roger Beecham

Roger Beecham

Jiagi Ge |
Nick Malleson

Rob Radburn |
Roger Beecham

Roger Beecham

Outline : Labs

Session 1
Simulating Behaviour

Session 2
Targeted Marketing

Session 3
Behavioural and Agent-based Models

Session 4

Coursework Surgery

Session 5

Assignment 2 — Presentations



Assessment

Assignment 1

Individual data analysis based on practicals 1 and 2
1,000 words, 4 figures
Thursday 16t January 2020 by 2pm

Assignment 2

Group presentations based on practical 3
Presentations held Wednesday 11th December 2019
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Textbook?

No fixed text book

O'REILLY’

The R Series

Geocomputatio
withR DATA

VISUALIZATION

A PRACTICAL INTRODUCTION

KIERAN HEALY

R for Data
Sclence

YISUALIZE. MOOEL TRANSFORN. TIDN. AND NFORT DATA

Robin Lovelace ,
Jakub Nowosad
Jannes Muenchow

Hadley Wickham & @ i

Garrett Grolemund
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Module Resources

Minerva

19/20(1) GEOG5927M Predictive Analytics (33841)  (Mod/Org unavailable to students)  Module Information @&  EditModeis:
cC @

19/20(1) GEOG5927M Module Information

Predictive Analytics
(33841)

Information

GEOG5927M : Module Handbook

Attached Files: [j GEOG5927M_handbook.doc (232.5 KB)

Announcements

Staff Information e . . Lo . N . .
This file contains the module handbook, including information on module organisation, timetable, assessment, teaching team and ways to get support. Please

Module Information download a copy and read it carefully.

Module Catalogue

e Module handbook
e Assessment details

* Assessment submission page



Module Resources

@ GEOGS5927M: PREDICTIVE ANALYTICS

‘ GEOGS5927M: PREDICTIVE ANALYTICS
SYLLABUS SCHEDULE R

SYLLABUS ~ SCHEDULE R

SYLLABUS

PREDICTIVE ANALYTICS Combining theory and practical examples, this module introduces Predictive Analytics via two INSTRUCTOR
‘THIS SITE CONTAINS the syllabus, schedule, and assignments for GEOG5927M: Predictive Analytics, INSTRUCTOR geocomputational techniques in which University of Leeds Geography specialises: spatial & Dr. Roger Beecham
held during Autumn/Winter term 2019 at University of Leeds & Dx. Roger Beecham microsimulation and agent-based modelling. You will apply these techniques to data analyses highly 10 10.139 Manton
10139 Manton relevant to consumer analytics domain and using modern data analysis environments. & rj.beecham@leeds.ac.uk

W @rjbeecham

¥ Cubeechan By the end of this course you should be able to:
COURSE COURSE
(9 Mon (lec) & Weds (lab) explain and critically evaluate the role of spatial analytics and geocomputational modelling in
B November 11-December 11,2019 simulating and predicting consumer behaviours ) Mon & Weds
©2:00pm-4:00pm (lec) | tational modell d lation techi | data set September 4-December 11,2019
G EOG 5927 M 2 oo v 12 (1226) apply geocomputational modelling and simulation techniques on real data sets © 2000 4000
devise an analysis strategy for the implementation of sophisticated modelling tools to address I Roger Stevens | Manton

business problems, presenting and justifying recommendations in an appropriate context

Predictive

Analytics

0 GEOG5927M: PREDICTIVE ANALYTICS

SYLLABUS SCHEDULE R

SCHEDULE
W : Readings
B : Practicals
I Lecture slides

GE0G5927M: PREDICTIVE ANALYTICS (AUTUMN/WINTER 2019)

University of Leeds | School of Geography Week 7 Simulating behaviours . =2 m
o
& Dr. Roger Beecham & rj beecha 2ds.ac.uk @8 Mon (lec) & Weds (lab) ® 2:00pm-4:00pm (lec) M Roger Stevens LT25 (12.25) ¥ © Week 8 Targeted marketing [ ] =
Week 9 Behavioural and agent-based models u a2

ternational License.
un and Hugo.

All content licensed under a Creative Commons Attribution-NonCom
thank

This site adapted from the ath-tufte-hugo Week 10 Behavioural analytics (guest lecture)

Week 11 Re-visit

e Schedule — week-by-week overview
® | ecture notes
e | ab exercises



How to learn

Come to lectures and labs
try stuff out, engage, ask questions

Independent learning
read and explore — be curious

Coursework
coursework throughout (labs and lectures)






Introduction to
Predictive Analytics

GEOG5927M
Predictive

Analytics




Forbes Billionaires Innovation

EDITOR'S PICK | 9,075 views | Sep 22, 2019, 08:26pm

A Long View On How Big

Data And AI Have : . ,
. How companies are using big
Transformed Business .
data and analytics

Culture

Support The Guardian Search jobs Dating | @Signin O, Search v Th UK edition v
Available for everyone, funded by readers e [ )
Guardian

News Opinion Sport Culture Lifestyle More v

Opendataeconomy  A]] the data you need to power your

Media & Tech Network

business is free online

Open data available online is improving and streamlining
businesses across Europe. We show you how to make the most
of it



"big data” and “data science” on Google Trends, Oct 2019

Interest over time ¥y o <
® bigdata ® data science
Search term Search term

L Note

Average Jan 1, 2004 Jul 1, 2009 Jan 11,2015




F OURTH
ARADIGM

Hey, Tony, Stewart Tansley, and Kristin M. Tolle. The fourth
paradigm: data-intensive scientific discovery. Vol. 1. Redmond, WA:

Microsoft research, 2009.

1000 years ago — experimental science
description of natural phenomena

100s years ago — theoretical science
Newton’s laws, Maxwell's Equations

<50 years ago — computational science
Simulate complex phenomena

today — data-intensive science
Generate knowledge through
observation (again)
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THE EXD OF THEORY THE
DATA DELUGE MARES THE
SCIENTIFIC METHOD OBSOLETE

The next generation of scientific discovery
will be data-driven as previously
unrecognised patterns are discovered by
analysing massive and mixed datasets.

David Willets MP, 2013,
Then Minister for Universities and Science



Google

gOOglc 0'g T Trores

A ) v
0Be.ax D Sapion Tu tands anund the word
Onzus Laeocy

T S FON A X ey noe e L e SO SGINE MY

R A B o L

[T ) RS T AT YT o B

Letter | Published: 19 February 2009

Detecting influenza epidemics using
search engine query data

Jeremy Ginsberg, Matthew H. Mohebbi &, Rajan S. Patel, Lynnette Brammer, Mark
S. Smolinski & Larry Brilliant

Nature 457,1012-1014 (2009) | Cite this article

Video: http://goo.gl/4ysAmw

SCieIlCC Contents ~ News ~

POLICY FORUM BIG DATA

The Parable of Google Flu: Traps in Big Data Analysis

David Lazer'-2*, Ryan Kennedy'%*, Gary King®, Alessandro Vespignani®3
+ See all authors and affiliations



(2019) 84 ® EPJ Data Science

Liu et al. EPJ Data Science

https://doi.org/10.1140/epjds/s13688-019-0182-z a SpringerOpen Journal
EP] .org
0000
REGULAR ARTICLE Open Access

: - ®
Inside 50,000 living rooms: an assessment of 2
global residential ornamentation using

transfer learning

Xi Liu', Clio Andris"", Zixuan Huang? and Sohrab Rahimi®

Figure 2 Object detection. Object detection examples for living room images. Ivory and orange bounding
boxes in (@) and (b) are the model’s results for plant and book identification, respectively. Green and blue
bounding boxes in (c) and (d) are the model results for wall art and decor identification, respectively

&




v
FiveThirtyEight

Should Prison Sentences Be Based On
Crimes That Haven't Been Committed
Yet?

By Aove Tarie Barep-doslor  ©on Soiinlare anl Loas sobaate

Erophted by Per=has Cenler Gaskor “cache--Rore ang #rdp Beacsect
Tiled uvdee Csieiral Jiazice
Pabilinven Mg o, an

000

Who Should Get Parole?

Even the best rish assessmen s yield probabilitses, not certaintes, That means (hey label as "hich roh® some pevple whe wo it
commit another crime and label as “low risk”™ some peesple whe will This simulation lets you sort aflenders into nsk catejories
tased onthe results of an assessrent. Think we should rarely lock up anyone who wouldn'! recffend? Set the “bw nsk” threshold

high and the “high risk” threshold even higher. Have little tolerance for ‘ecidivism? Try twe cpposite. In the real world,
policymacers have to stribe a balance. Read more »

The praoners n the simulaticn arewp 1o parche. Seme  Priscaen ace placed in oo of three Categories based on Soeme pecple you ot it rectended. Some pecple rou

will reclend ' releused and some wen't They sach ake  these simans. Nove the slider s chasge the cutifs o811 prisee weuldn hanwt. Areyou OK with the
2 assiidment. which sstirmutes the chunce hey wil for aach cateoary. Low rish” seracers wil Be swieded waults?
moffead, parcle. “Hgh rish” priseners will te denad.
: I
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Data mining and machine learning —
Detect hidden patterns in data

Information Visualization —

Explore complex structure and patterns in data GEOG5927M
that are difficult to expose using computation alone Predictive

Analytics

Predictive analytics —

Use these patterns to predict, under uncertainty, what will
happen in future



Assignments

In Assignment #1 we'll be generating a large

synthetic dataset of customers and looking for
behavioural and demographic associations between

individuals to better *target* marketing activity. ORI

Predictive

Analytics

In Assignment #2 we'll be using data and

heuristics to explore and predict how customers will
behave and respond to different store formats.
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GEOG392/7M: PREDICTIVE ANALYTICS

SYLLABUS SCHEDULE R

PRACTICAL 1 : SIMULATING BEHAVIOUR

The aim of this session is to create a synthetic population of households in
Leeds. You will use an individual-level survey aataset describing individuals’
holiday-making behaviour and apply spatial microsimulation to estimate a
population-level dataset of these holiday-making tehaviours at the household-
level in Leeds. In Practical 2, you will use this population to underiaxe a data
analysis tc support a targeted marketing strategy.



microdata.csv
15,189 records

Person_ID OA_GRP  Sex Ageband  NumberCh Combinedt OverSeasAi UKAirport OverallHolir AgeSex
| 1603 8c F a35to49 2 26-30K LEI MAN Excellent  F35to49
11285 8¢ F a25to34 0 0-10K IBZ MAN Fair F25to034
13938 8¢ M a50to64 | 16-20K LCA BHX Fair M50toé64
10255 8¢ F a25to34 | 26-30K ALC LBA Poor F25to34

831 8¢ M a50to64 0 26-30K AGA MAN Good M50toé4
1754 8¢ M ab5over 0 Not Answel DLM MAN Good Mé65over
2330 8¢ F a6bbover 0 Not Answel DLM MAN Excellent  Fé5over
10818 8¢ M a25to34 0 36-40K KGS MAN Fair M25t034
8237 8c ™M abbover 2 16-20K FUE MAN Good Mé65over
| 1508 8¢ F a35to49 2 71-80K ZTH LBA Poor F35to49
ageBand demographics
incomeBand demographics
oac geodemographics
originAirport oreference

destinationAirport

satisfactionScore

oreference/attitude

oreference/attitude

Supergroup
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse









microdata.csv
15,189 records

Person_ID OA_GRP Sex

11603 8¢
11285 8¢
13938 8¢
10255 8¢

831 8¢
1754 8¢
2330 8¢
10818 8¢
8237 8¢
11508 8¢

v

Ageband
a35to49
a25to34
a50tob4
a25to34
a50to64
abSover
abSover
a25to34
abSover
a35to49

2 26-30K LEI
0 0-10K IBZ
I 16-20K LCA
| 26-30K ALC

0 26-30K AGA
O Not Answel DLM
0 Not Answel DLM
0 36-40K KGS
2 16-20K FUE
2 71-80K ZTH

MAN
MAN
BHX
LBA

MAN
MAN
MAN
MAN
MAN
LBA

Excellent
Fair

Fair
Poor
Good
Good
Excellent
Fair
Good
Poor

NumberCh CombinedF OverSeasAi UKAirport OverallHolit AgeSex

F35t049
F25t034
M50toé4
F25to034
M50to64
Mé65over
F65over
M25to34
Mé65over
F35t049

Supergroup
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse



Spatial Microsimulation

Census data i i *

high-level | low in detail

population-level | complete i i i

Survey data

individual-level | rich in detail
small-scale | unrepresentative



Spatial Microsimulation

The creation, analysis and modelling of
individual-level data allocated to

geographic zones.
Lovelace & Dumont 2016



Spatial Microsimulation

survey data
individuals

tit
||
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Spatial Microsimulation

survey data
y Census

constraints

b SRS
VL

individuals

\



Spatial Microsimulation




Spatial Microsimulation

Census
constraints

_|_




Microsimulation does not
generate new data

merely copies of existing data

Lovelace & Dumont 2016



Examples

Health : smoking [Tomintz et al. 2008)

e Why? Reported in individual surveys, but not population-level
and not from place-to-place

e Benefits : could be used to target/locate smoking support
clinics

e ‘Benefits’ : could be used by a Tobacco company for
targeting investment



Examples

Economic policy : evaluation [pe Agostini et al. 2014}

* Why? Simulate / spread impacts inferred from individual-level
data over an entire country

e Benefits : quantify (under uncertainty) the impacts of a
regressive welfare reform at the country-level

e Benefits : evidence-based decision-making



Examples

Transport : simulating behaviour [Lovelace 2014

e Why? When designing infrastructure, want to know about the
distribution of individuals meeting a particular set of
characteristics

e Benefits : provide evidence around likely winners and losers
of a new infrastructure investment



Assumptions

* Individual-level microdata are representative of the
study area

* Target variable is dependent on the constraint
variables in a way that is relatively constant over
space and time

* Input microdataset and constraints are sufficiently
rich and detailed to reproduce the full diversity of
individuals and areas in the study region



‘ GEOGS92/M: PREDICTIVE ANALYTICS

SYLLABUS SCHEDULE R

PRACTICAL 1 : SIMULATING BEHAVIOUR

The aim of this session is to create a synthetic population of households in
Leeds. You will use an individual-level survey dataset describing individuals’
holiday-making behaviour and apply spatial microsimulation to estimate a
pogpulation-leve! dataset of these holiday-making behaviours at the household-
level in Leeds. In Practical z you will use this population to underiake a data
analysis tc support a targeted merketing strategy.




Person_ID OA_GRP Sex Ageband

1603 8¢ F a35to49

11285 8¢ F a25to34

13938 8¢ M a50tob4

10255 8¢ F a25to34

831 8¢ M a50tob4

1’754 8¢ ™M abbover

2330 8¢ F abbover

10818 8¢ M a25to34

8237 8¢ ™M abSover

11508 8¢ F a35to49

ZonelD Person_ID OA_GRP Sex

EO0056750 1603 8¢ F
EO00567/50 | 1285 8¢ F
EO0056750 13938 8¢ M
EO0056750 10255 8¢ F
EO00567/50 831 8¢ M
E00056750 1’754 8¢ M
EO0056750 2330 8¢ F
EO00567/50 10818 8¢ M
E00056750 8237 8¢ M
EO0056750 | 1508 8¢ F

simulated population.csv

Dataset

NumberCh CombinedF OverSeasAi UKAirport OverallHolir AgeSex

2 26-30K
0 0-10K
| 16-20K
| 26-30K
0 26-30K
O Not Answel DLM
O Not Answel DLM
0 36-40K
2 16-20K
2 71-80K

microdata.csv
15,189 reconrds

Ageband
a35to49
a25to34
a50to64
a25to34
a50to64
abSover
abSover
a25to34
abSover
a35to49

LEI MAN
IBZ MAN
LCA BHX
ALC LBA
AGA MAN
MAN
MAN
KGS MAN
FUE MAN
ZTH LBA

2 26-30K LEI
0 O-10K IBZ
| 16-20K LCA
| 26-30K ALC
0 26-30K AGA

0 Not Answel DLM
0 Not Answel DLM
0 36-40K KGS
2 16-20K FUE
2 71-80K ZTH

320,596 records

Excellent
Fair

Fair
Poor
Good
Good
Excellent
Fair
Good
Poor

MAN
MAN
BHX
LBA

MAN
MAN
MAN
MAN
MAN
LBA

F35t049
F25t034
M50to64
F25t034
M50to64
Mé65over
F65over
M25to34
Mé65over
F35t049

Supergroup
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse
Hard-Presse

NumberCh Combinedt OverSeasAi UKAirport OverallHolir AgeSex

Excellent  F35to049
Fair F25to34
Fair M50to64
Poor F25t034
Good M50to64
Good Mé5over
Excellent  Fé65over
Fair M25to34
Good Mé5over
Poor F35t049

Supergroup

Hard-Pressed Living
Hard-Pressed Living
Hard-Pressed Living
Hard-Pressed Living
Hard-Pressed Living
Hard-Pressed Living
Hard-Pressed Living
Hard-Pressed Living
Hard-Pressed Living
Hard-Pressed Living






