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Technical: Data Visualization, New and Computational Statistics 
Applied: Transportation, Crime Science, Political Science

Beecham & Wood 
Exploring gendered cycling behaviours 
doi: 10.1080/03081060.2013.844903 
Processing, R | Estimation-based stats

Beecham et al. 
Studying (inferring) commuter workplaces 
doi: https://doi.org/10.1016/j.compenvurbsys.
2013.10.007

Beecham & Wood
Characterising (inferring) group-cycling 
doi:10.1016/j.trc.2014.03.007
Java, Processing | Network stats
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Beecham et al.
Multivariate small multiples 
doi10.1111/cgf.12900
Processing | Circular stats, regression

Beecham et al.
Map LineUps
doi:10.1109/TVCG.2016.2598862
R | Spatial stats, regression, permutation

Testing for spatial autocorrelation
motivation
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Beecham et al.
Statistical Process Control for uncertainty analysis
in press
Javascript, d3 | Frequentist
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Beecham et al.
Locally varying explanations
doi:10.5311/JOSIS.2018.16.377 
R | GW stats, penalised regression, permutation

Beecham et al.
An update to ecological analysis in Political Science
in press 
R | penalised regression, permutation

Beecham & Slingsby 
Characterising labour market self-containment
doi: 10.1177/0308518X19850580
R | Estimation-based stats

https://doi.org/10.1177%2F0308518X19850580
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Module content and philosophy

Spatial modelling 
• Data mining 
• Response modelling 
• Microsimulation 
• Agent-based modelling

to
similuate and predict 
consumer behaviour

[content]

Research and industry 
case studies

to
evaluate modelling 
techniques in practice

[philosophy]



Outcomes

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 justifying recommendations in an 
appropriate context 



Who’s who

Roger Beecham 
Assignment 1 | Convener 

Jaiqi Ge | Nick Malleson  
Assignment 2 

Rob Radburn 
Guest lecturer 



Guest Lecture

Rob Radburn 
Leicestershire County Council 



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 



Outline : Lectures

Roger Beecham Session 1  
Predictive Analytics & Microsimulation

Roger Beecham
Session 2 
Response Modelling & Targeted Marketing

Jiaqi Ge |  
Nick Malleson

Session 3 
Behavioural and Agent-based Models

Rob Radburn  |  
Roger Beecham

Session 4 
Guest Lecture

Roger Beecham
Session 5 
Wrap-up



Outline : Labs

Roger Beecham Session 1  
Simulating Behaviour

Roger Beecham
Session 2 
Targeted Marketing

Jiaqi Ge |  
Nick Malleson

Session 3 
Behavioural and Agent-based Models

Rob Radburn  |  
Roger Beecham

Session 4 
Coursework Surgery

Roger Beecham
Session 5 
Assignment 2 — Presentations



Assessment

Assignment 1   

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

Assignment 2  

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



Technologies



Textbook?

No fixed text book 
------------- 

  
… But



Module Resources

• Module handbook 
• Assessment details 
• Assessment submission page



Module Resources

• Schedule — week-by-week overview 
• Lecture notes 
• Lab 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 





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



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)  



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 



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



Liu et al. EPJ Data Science             ( 2019)  8:4 
https://doi.org/10.1140/epjds/s13688-019-0182-z

R E G U L A R A R T I C L E Open Access

Inside 50,000 living rooms: an assessment of
global residential ornamentation using
transfer learning
Xi Liu1, Clio Andris1*, Zixuan Huang2 and Sohrab Rahimi3

*Correspondence: clio@psu.edu
1Department of Geography, The
Pennsylvania State University,
University Park, USA
Full list of author information is
available at the end of the article

Abstract
The global community decorates their homes based on personal decisions and
contextual influences of their larger cultural and economic surroundings. The extent
to which spatial patterns emerge in residential decoration practices has been
traditionally difficult to ascertain due to the private nature of interior home spaces.
Yet, measuring these patterns can reveal the presence of geographic culture hearths
and/or globalization trends.

In this work, we collected over one million geolocated images of interior living
spaces from a popular home rental website, Airbnb (http://airbnb.com), and used
transfer learning techniques to automatically detect the presence of key stylistic
objects: plants, books, decor, wall art and predominance of vibrant colors. We
investigated patterns of home decor practices for 107 cities on six continents, and
performed a deep dive into six major U.S. cities.

We found that world regions show statistically significant variation in decorative
element prevalence, indicating differences in geographic cultural trends. At the U.S.
neighborhood level, elements were only weakly spatially clustered and found to not
correlate with socio-economic neighborhood variables such as income,
unemployment rates, education attainment, residential property value, and racial
diversity. These results may suggest that American residents in different
socio-economic environments put similar effort into personalizing and caring for
their homes. More broadly, our results represent a new view of worldwide human
behavior and a new application of machine learning techniques to the exploration of
cultural phenomena.

Keywords: Computer vision; Interior decor; Maps; Indoors; Homes; Spatial analysis

1 Introduction
Interior decoration and ornamentation is a key form of human self-expression and com-
munication of values and ideals [1–3]. This is especially true in the home, where resi-
dents and owners have agency to personalize their surroundings and cultivate a space for
themselves and visitors [4]. Configuring a domestic space has both internal and contex-
tual (socio-cultural and geographic) components, which together reflect a need for pri-
vacy, interpersonal relationships, symbolization of the self, and aesthetic stimulation [5].
Although ornamentation is known as an indicator of social and economic status [6], today,

© The Author(s) 2019. This article is distributed under the terms of the Creative Commons Attribution 4.0 International License
(http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, pro-
vided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and
indicate if changes were made.
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Figure 2 Object detection. Object detection examples for living room images. Ivory and orange bounding
boxes in (a) 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

the color spectrum, saturation describes a color’s “purity” or how far it differs from gray,
and value represents brightness along a white to black range [54]. To define “vibrant” col-
ors, we set minimum thresholds of 0.50 saturation (range: 0–1) and 0.75 value (range:
0–1) and set no threshold for hue. These thresholds, while uncalibrated, ensured that no
pastels, grays, or dark colors were included in the set of vibrant colors. We used the col-
orgram python package (https://github.com/obskyr/colorgram.py) to extract the 10 most
dominant colors in each living room image (see Additional file 1 for more information). If
one living room image contained a vibrant dominant color, we considered this listing to
contain vibrant colors.

3.2.5 Descriptive variable representation and statistical analysis
Some living rooms contained many decorative elements, e.g. more than 40 small wall art
pieces, which served as outliers in our analysis. Thus, we used the following numerical
distinctions: plants, wall art and decor were each capped at 5 instances (so that if a living
room has 10 plants, this is represented as 5). Books often appeared as piles or a shelf of
books, and the model had difficulty distinguishing the exact number of books in the im-
ages. Thus, we considered the presence of books as a binary value, signifying the presence
of any books (ranging from a single book to over 100 books), or a 0 for no detected books.
Finally, the presence of at least one vibrant color in the top 10 major retrieved colors for an
image was also presented as a binary variable. (See Additional file 1 for more information).

In the global analysis, we used Moran’s I and ANOVA to detect spatial clustering and
regional differences of image element preponderance, respectively. These tests were con-
ducted using the city as the spatial unit of analysis. Moran’s I was parameterized with a
4000-kilometer Haversine distance search radius and neighbor importance was weighted





Data mining and machine learning – 
Detect hidden patterns in data 

Information Visualization –  
Explore complex structure and patterns in data 
that are difficult to expose using computation alone  

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



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. 

In Assignment #2 we’ll be using data and 
heuristics to explore and predict how customers will 
behave and respond to different store formats.

Assignments



?



?break





microdata.csv 
15,189	records

ageBand demographics
incomeBand demographics
oac	 geodemographics
originAirport preference
destinationAirport preference/attitude
satisfactionScore preference/attitude







h"p://darribas.org/gds15/slides/lecture_08.html#/geodemographic-analysis-1	

microdata.csv 
15,189	records



Spatial Microsimulation

Census data 
high-level | low in detail 
population-level | complete 
  

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

  

Colour : Father’s 
occupation

Directors Professionals Trades



Spatial Microsimulation

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

Lovelace & Dumont 2016 

  



Spatial Microsimulation

survey data 
individuals 

Colour : Father’s 
occupation

Directors Professionals Trades



survey data 
individuals 

Colour : Father’s 
occupation

Directors Professionals Trades

Census  
constraints

+

Spatial Microsimulation



Spatial Microsimulation
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Spatial Microsimulation

C
olour : Father’s 
occupation

D
irectors

Professionals
Trades

Census  
constraints

+



Microsimulation does not  
generate new data  

-- 
merely copies of existing data 

Lovelace & Dumont 2016 



Examples

Health : smoking [Tomintz et al. 2008] 

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

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

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



Examples

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

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

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

•  Benefits : evidence-based decision-making 



Examples

Transport : simulating behaviour [Lovelace 2014] 
  

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

•  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 





h"p://darribas.org/gds15/slides/lecture_08.html#/geodemographic-analysis-1	

microdata.csv 
15,189	records

simulated_population.csv 
320,596	records	

Dataset 



?


