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Wrap up and consolidation



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 



Guest Lecture

Rob Radburn 
Leicestershire County Council 



What is (modern) data analysis?

DATA ANALYSIS 
IS • A careful thinking about evidence 

(data) in the context of a research 
problem 

•

DATS ANALYSIS 
INVOLVES • Defining your problem  

• Identifying relevant data 
• Selecting aspects of your data and 

problem that can be reasonably 
investigated 
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Assessment	#1	

1. 	The	assessment	
	
You	will	 take	on	 the	 role	of	a	customer	segmentation	expert	 for	a	 travel	company.	Your	 task	 is	 to	
identify	a	specific	segment	of	customers	who	could	be	targeted	with	a	marking	strategy.	You	will	use	
the	 ‘synthetic’	 population	 produced	 through	microsimulation	 during	 practical	 sessions	 1	 and	 2	 to	
identify	the	target	customers.	The	type	of	holiday	destination	and	choice	of	customer	sub-group(s)	
to	target	is	up	to	you.	Note	that	your	job	is	to	identify	the	sub-population(s)	to	be	targeted,	explain	
your	methods	and	clearly	present	your	results.	There	is	no	need	to	discuss	how	you	would	reach	the	
customers	 you	 identify.	 You	 are	 expected	 to	 incorporate	 at	 least	 some	 appropriate	 academic	
literature	in	to	your	report.	
	
An	indicative	structure	for	your	report	is	below.	
	

1. Introduction:	 Identify	 and	 justify	 the	 scope	of	 your	 study	 --	 the	destinations,	 holiday	 type	
and	customer	groups	of	focus	and	why	they	are	of	interest.	

2. Data	and	methods:	Describe	the	data	on	which	your	study	is	based,	the	variables	you	have	
selected	and	any	derived	variables	you	have	created.	Be	sure	to	justify	these	decisions	with	
reference	to	your	study’s	scope.			

3. Results	 and	 analysis:	 A	 combination	 of	 charts,	maps	 and	 tables	 –	 judiciously	 designed	 to	
address	the	area	of	focus	outlined	in	the	introduction.			

4. Conclusions:	 Synthesise	 over	 the	 findings	 to	 identify	 the	 customers	 to	which	 a	marketing	
campaign	could	be	targeted.	Be	sure	to	do	so	with	reference	to	the	evidence	presented	 in	
your	data	analysis	(section	3).		

	
The	report	has	a	word	limit	of	1,000	words	and	you	are	expected	to	incorporate	four	figures.	Figures	
can	 be	 graphs,	 maps,	 diagrams	 or	 other	 suitable	 illustrations.	 These	 figures	 must	 be	 clear	 and	
discussed	in	the	text.	See	section	5	for	more	information	about	word	limit.	
	

2. This	assignment	contributes	50	%	to	the	final	mark	of	this	module	
	

3. a)	Individual	work	
This	is	an	individual	assignment.	Whilst	it	is	natural	to	consult	with	your	neighbour	in	the	classroom	
and/or	 to	 help	 each	 other	 with	 unfamiliar	 software/laboratory/field	 work,	 it	 is	 not	 permitted	 to	
share	research,	 ideas,	data	or	text	 in	preparation	of	any	aspect	of	this	report/essay.		 If	we	suspect	
that	this	has	occurred	it	will	be	treated	as	academic	malpractice*	and	will	be	investigated	according	
to	university	protocols.		See:	
https://www.luu.org.uk/helpandadvice/academic/cheatingandplagiarism/		
for	 LUU	 information	 and	 advice	 on	 ‘Plagiarism,	 Fraudulent	 or	 Fabricated	 Coursework	 and	
Malpractice’).	
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Assignment #1 

Your job is to identify the populations to be targeted, explain your methods and clearly 
present your results.  



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

microdata.csv 
15,189	records



microdata.csv 
15,189	records

simulated_population.csv 
320,596	records	

Dataset 



Demographics –  
income, age, household structure 

Geography –  
where and what types of areas they tend to live in 

Psychographics –  
their motivations and preferences  

Targeting 

Identify and profile a target market using:



Targeting 

ageBand demographics

incomeBand demographics

numChildren demographics

oac	 geodemographics

originAirport preference

destinationAirport preference/attitude

satisfactionScore preference/attitude

microdata.csv



Targeting 

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

What makes your target market distinct 
when compared to the population as a 

whole?  



Targeting 



Targeting 



Deviation from Expectation
evidence model

Average Surprise
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P(Gaussian|Data)

Fig. 7: Changes in beliefs about spatial models leading to surprise. Here the events are sampled from a Gaussian distribution, and there are two
proposed spatial models of events: a Gaussian (in this case, the correct model), and a uniform model. Initially, both models are equiprobable.
However, as more events are processed, modes that are in keeping with a Gaussian model (but would be unlikely in a uniform model), adjust
the modal beliefs in favor of the Gaussian model (causing surprise). Once the Gaussian model is established as the clear favorite, the surprise of
events tapers off, asymptotically approaching 0. Probability histograms range from [0,1], average surprise ranges from [0,0.01] bits.

Fig. 8: Signed Surprise Map (left) and KDE density map (right) of 313
fires in northern Los Angeles county, from the spacetime package for
R [40]. M consists of Gaussian, uniform, and sampled subset (first
25 fires) models. Signed surprise is on the interval [�0.53,0.53]. The
sampled subset model quickly becomes the likeliest model (indicat-
ing that fires tend to reoccur in similar spatial regions). The first few
fires occurred in the far southwest, with isolated fires in regions in the
southeast. Over time, this original spatial mode extends slightly south-
wards. The Surprise Map highlights this new, dangerous region. The
faint blue regions in the southeast show locations where fires occurred
in the first 25 events, but not subsequently.

5.2 U.S. Unemployment

Figure 9 presents an example of a choropleth map of signed surprise,
showing per-county unemployment data across the United States. As
with Fig. 1, M takes into account both the population of counties to
determine deviation from the average per-capita rate, and normalized
effect size under the assumption that smaller counties have higher vari-
ance in unemployment.

A choropleth map of density contains arguably misleading spatial
patterns. Large portions of the Great Plains appear to have abnormally
low unemployment (the sampling error bias mentioned in §2.1.2). The
map itself is visually quite complex, with large swings from county to
county giving a checkerboard appearance to the data.

The Surprise Map, by contrast, is almost solid white. Most coun-
ties either have unemployment rates well in keeping with the national
average, or are not populous enough for their high or low rates to be
significantly interesting. Outliers, like the LA and Detroit metro ar-
eas, are highlighted, showing that these locations have significant and
robust high unemployment. Filtering out potentially spurious spatial
patterns makes spatial signals easier to identify.

5.3 Northern L.A. County Fires

Figure 8 shows a signed Surprise Map of 313 fires in northern Los
Angeles County, CA. Similar to the example presented in §5.1, these
heatmaps are generated by spatially binning the region of interest, and
then measuring observed versus expected event density in each bin.

An analyst might be interested in assessing risk: are there regions
with more fires than expected? If so, do these regions change over

Unemployment Rate

0% 30.1%

(a) Per capita event rate map.

(b) Signed Surprise Map.

Fig. 9: Comparing a traditional map of the 2008 per-capita unemploy-
ment rate (Fig. 9a) with a Surprise Map (Fig. 9b). M is a population
model and a de Moivre funnel (see Fig. 5) for details. The traditional
map seems to show that the great plains region has particularly low un-
employment, but the low populations in these regions make those data
unreliable. Down-weighting sparse counties with high variance, the
Surprise Map shows robustly high unemployment in the Los Angeles
and the Detroit metro areas. The Washington D.C. metro area has sur-
prisingly low unemployment, perhaps due to the many jobs provided
by the Federal government and related agencies.
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Fig. 7: Changes in beliefs about spatial models leading to surprise. Here the events are sampled from a Gaussian distribution, and there are two
proposed spatial models of events: a Gaussian (in this case, the correct model), and a uniform model. Initially, both models are equiprobable.
However, as more events are processed, modes that are in keeping with a Gaussian model (but would be unlikely in a uniform model), adjust
the modal beliefs in favor of the Gaussian model (causing surprise). Once the Gaussian model is established as the clear favorite, the surprise of
events tapers off, asymptotically approaching 0. Probability histograms range from [0,1], average surprise ranges from [0,0.01] bits.
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ing that fires tend to reoccur in similar spatial regions). The first few
fires occurred in the far southwest, with isolated fires in regions in the
southeast. Over time, this original spatial mode extends slightly south-
wards. The Surprise Map highlights this new, dangerous region. The
faint blue regions in the southeast show locations where fires occurred
in the first 25 events, but not subsequently.

5.2 U.S. Unemployment

Figure 9 presents an example of a choropleth map of signed surprise,
showing per-county unemployment data across the United States. As
with Fig. 1, M takes into account both the population of counties to
determine deviation from the average per-capita rate, and normalized
effect size under the assumption that smaller counties have higher vari-
ance in unemployment.

A choropleth map of density contains arguably misleading spatial
patterns. Large portions of the Great Plains appear to have abnormally
low unemployment (the sampling error bias mentioned in §2.1.2). The
map itself is visually quite complex, with large swings from county to
county giving a checkerboard appearance to the data.

The Surprise Map, by contrast, is almost solid white. Most coun-
ties either have unemployment rates well in keeping with the national
average, or are not populous enough for their high or low rates to be
significantly interesting. Outliers, like the LA and Detroit metro ar-
eas, are highlighted, showing that these locations have significant and
robust high unemployment. Filtering out potentially spurious spatial
patterns makes spatial signals easier to identify.

5.3 Northern L.A. County Fires

Figure 8 shows a signed Surprise Map of 313 fires in northern Los
Angeles County, CA. Similar to the example presented in §5.1, these
heatmaps are generated by spatially binning the region of interest, and
then measuring observed versus expected event density in each bin.
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(a) Per capita event rate map.

Signed Surprise
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Fig. 9: Comparing a traditional map of the 2008 per-capita unemploy-
ment rate (Fig. 9a) with a Surprise Map (Fig. 9b). M is a population
model and a de Moivre funnel (see Fig. 5) for details. The traditional
map seems to show that the great plains region has particularly low un-
employment, but the low populations in these regions make those data
unreliable. Down-weighting sparse counties with high variance, the
Surprise Map shows robustly high unemployment in the Los Angeles
and the Detroit metro areas. The Washington D.C. metro area has sur-
prisingly low unemployment, perhaps due to the many jobs provided
by the Federal government and related agencies.

Correll & Heer (2017) Surprise! Bayesian Weighting for De-Biasing Thematic Maps, IEEE TVCG 
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Beecham and Wood, 2014





Group-based presentations 
Wednesday 11th December 



Assessment	
Assignment	2	
Assignment	2	:	Presentation	schedule



Keeping to time



Delivering effective 
presentations



Maxim #1 : avoid noise

• Background colours 

• Logos 

• Overly small font 

• Too much text 

• Unnecessary transitions
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Remove bar shadow, grids and 
gradient 
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Emphasise data, de-emphasise axes 
(non-data) 
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Low-to-middle income groups are overrepresented amongst 
IBZ holidaymakers 
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Emphasise key patterns
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Maxim #2 : refine

With each slide, convey one 
message (only)



Maxim #3 : reduce

Be concise,  
both verbally and visually



Maxim #4 : compliment

Slides should display things that 
can’t be easily spoken



Maxim #5 : layout



Maxim #5 : layout

Things  

that                         are 
laid                             out far 

apart are        more      difficult to        
compare 



Maxim #5 : layout

Things  

that                         are 
laid                             out far 

apart are        more      difficult to        
compare 

than things that are laid out close together.



Maxim #5 : layout

Things that     are almost     to interpret.overlap       impossible



Maxim #5 : layout - 
sequence

ORDER 

We expect things to be displayed 
    in sequence. 

If we wish to imply a sequence,  
     arrange things in that sequence. 

This  can be particularly useful when 
‘telling a story’ in a presentation. 



Jean-Luc Doumont 

http://bit.ly/2Ap1Ynn 



?



Module survey : Please



Module survey : Please

• take your time 
• remember that this is anonymous 
• be as specific as possible - detail 
• identify both positives and negatives 
• use the full range of scores 
• consider ‘feedback’ broadly 



break


